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4.5 Amorim-Hennig (a) identified stable states of the system across the 5
concatenated trajectories. These clusters (c-f) are differentiated primarily
by modes of the gamma loop, shown at the bottom of each panel; the so-
called “60s loop” shown in dark blue at the right of each panel; and exosite
II shown at the top of each panel. HDBSCAN (b) identified transient
states among these stable states (Supporting Information Figure 4.12). . 90

4.6 HDBSCAN identified stable(a) vs. unstable systems (b), and Amorim-
Hennig provided finer resolution on structural changes (c-f). Visual com-
parison of the Amorim-Hennig clusters of the second of four trajecto-
ries (respectively beginning at frame 1, 1001, 6001 and 10,001) confirms
that the method uncovered distinct conformations. The flouridated DNA
strand is colored by residue number drawn with VMD’s NewCartoon
method. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

4.7 HDBSCAN clustering output suggests that the unbound thrombin ap-
tamer is generally unstable but has some long-lived states. On this system,
Amorim-Hennig binned the system into what appear to be compactness-
based bins (Supporting Information Figure 4.12). Thrombin aptamer
DNA strand is colored by residue number drawn with VMD’s NewCartoon
method. Visualized clusters are from HDBSCAN. . . . . . . . . . . . . . 93

4.8 Using a toy two-dimensional data set generated with scikit-learn130 (a), we
give a conceptual explanation of HDBSCAN’s clustering algorithm. Using
mutual reachability distance as the distance metric, a minimum spanning
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4.9 Clustering with HDBSCAN on alpha carbon atoms of MutSα complexed
with cisplatinated DNA (a) yielded one cluster per trajectory, with the
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4.29 We compare the time series of K-Means clusterings that maximize silhou-
ette values. Here we perform K-Means clusterings with with values of
k between 2 and 20 (inclusive). We report the time series for the value
of k with the highest silhouette score. Aside each of these, we plot the
A-H time series for comparison. We see similar clusterings for F10 in the
presence of calcium (a-b). However, A-H has one fewer clusters and has
more temporally grouped clusters. That is, whereas A-H mostly split the
concatenated trajectories into its substituent 4 individual trajectories, K-
Means maximizing silhouette indicated more overlap in the trajectories.
For MutSα in the presence of cisplatinated DNA, we see that A-H in-
dicates one additional cluster, appearing to split K-means cluster 1 into
two clusters. For the SufC protein, we see A-H indicating 5 more clusters
than K-Means. SufC is a highly stable system, indicating that A-H is
finding finer details in this system. From these comparisons, and those in
Supporting Information Figure S21, we see that A-H has a preference for
more tight clusters over K-Means maximizing the silhouette score. . . . . 127

4.30 For systems with an average RMSF less than 2Å, we consistently ob-
served distinct conformational changes across Amorim-Hennig clusters and
gained little information beyond deciding the stability of the system from
HDBSCAN clusters). We observed that HDBSCAN provided more mean-
ingful clusters for polymers with an average RMSF larger than 5Å (Fig-
ure 9), which is likewise consistent with our conclusion that HDBSCAN
is best for more systems with higher structural variance. Systems with
average RMSFs between 2Å and 5Å had no clear pattern. In this fig-
ure, simulated systems are assigned an arbitrary system number (x-axis)
and labeled in the format system short name most informative clustering
algorithm. *Our simulation for Villin headpiece was one of folding. The
system is expected to undergo large conformational shifts, as it transitions
from unfolded to folded. Above we presented Amorim-Hennig clusters for
Villin headpiece due to their correlation to RGYR; however, it was HDB-
SCAN that found the stable folding intermediates. **On MutSα exposed
to FdU-substituted DNA, the two clustering methods gave essentially the
same result, with only a few initial simulation frames labeled differently. . 128

5.1 For reference, we label the Thrombin structural domains discussed herein.
These are Exosite I, Exosite II, the 60-loop, the Na+ loop, and the γ loop. 152
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5.2 The MSH26 complex shown here is colored by structural domain name.
The colors-domain pairs are blue for the mismatch binding domain, green
for the connector domain, yellow for the leaver domain, orange for the
clamp domain, and red for the ATP-ase domain. For clarity, the ADP
molecules present in the crystal structure69 are shown in a bonds repre-
sentation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

5.3 In this example of correlation visualization with the biologically relevant,
zinc-bound NEMO CYNZN, we use the (a) residue-residue correlation
matrix as (b) a similarity matrix for HDSCAN clustering, and as (c) raw
input for clustering. We also (d) calculate a new similarity matrix based
on the dot products of all correlation vectors with one another. On the
x-axis of the correlation matrix (a), we have labeled the secondary struc-
ture elements of NEMO for easy reference. In panel (b), we see that the
HDBSCAN clustering essentially divides NEMO into its secondary struc-
ture elements. In panel (c), we find that the alpha helix is split into three
clusters. This clustering corresponds to previous work71 showing a rare
conformation of NEMO CYNZN in which the alpha helix destabilizes. In
panel (d), we see the alpha helix once again grouped by itself and the non-
coordinating cysteine (gray) separated by the clustering from the majority
of the alpha helix. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

5.4 In this example of correlation visualization with the biologically relevant,
zinc-unbound NEMO CYS, we use the (a) alpha carbon correlation matrix
as (b) a similarity matrix for HDSCAN clustering and as (c) raw input
for clustering. We also (d) calculate a new similarity matrix based on
the dot products of all correlation vectors with one another. On the x-
axis of the correlation matrix (a), we have labeled the secondary structure
elements of NEMO for easy reference. With this zinc-unbound case, we
see that clustering with the correlation matrix as a similarity (b) matrix
tends to over emphasize the correlation of various segments (compared
to previous analysis74,72 while clustering with the correlation matrix as
raw input (c) tends to under emphasize these correlations. While both
of these more naive methods provide some information, clustering using a
new matrix of dot products of correlation vectors (d) indicates regions of
interest that were either previously confirmed to be part of a zinc binding
or searching mechanism71,72 or indicated a structural change worthy of
further investigation (in the case of the pi helix formation for CYS). . . . 157
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5.5 In this example of correlation visualization with an apo form of Thrombin
in the presence of sodium, we use the (a) alpha carbon correlation matrix
as (b) a similarity matrix for HDSCAN clustering and as (c) raw input
for clustering. We also (d) calculate a new similarity matrix based on the
dot products of all correlation vectors with one another. In panel (b),
The red cluster contains a portion of the protein’s catalytic pocket (S1
subpocket) that is adjacent to the gamma loop – a regulatory functional
site. The blue cluster contains more residues involved in the catalytic
pocket. Such clustering results highlight two groups of residues, which are
mostly involved in the catalytic pocket, are strongly coupled together in
terms of collective motions. In panel (c), the smaller (red) cluster consists
of the S1 subpocket residues and N-terminus of the heavy chain. The
blue cluster has a large overlap with the blue cluster captured by the first
approach (b). Additionally, the blue cluster from the second approach
contains most of the protein’s secondary structure elements. Included in
this group is another functional site – ”exosite II”, which has been ex-
perimentally shown an allosteric linkage with the catalytic pocket75. The
clustering in panel (d) seems to simply place the vast majority of sec-
ondary structure elements in one cluster. The exosite I residues and some
light chain termini residues stand apart as a second cluster due to their
similar coupling pattern with other regions in the protein. Such similar-
ity among these residues (highlighted in blue in (d) suggests a potential
dynamic allosteric linkage between the light chain and known regulatory
site exosite I, which have also been seen in the literature76. . . . . . . . . 159
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5.6 In this example of correlation visualization with an apo form of Thrombin
in the presence of potassium, we use the (a) residue-residue correlation ma-
trix as (b) a similarity matrix for HDSCAN clustering and as (c) raw input
for clustering. We also (d) calculate a new similarity matrix based on the
dot products of all correlation vectors with one another. The clustering
in (b) labeled all residues as noise, meaning it could not form meaning-
ful groupings of residues based on the correlation matrix as a similarity
matrix. This lackluster result indicates for this system in particular that
from the perspective of absolute values of correlation there are no clear
communities of alpha carbon atoms with similar motions. In (c), the red
cluster mainly contains the 220s (also called sodium loop) and 180s loops
and some S1 subpocket residues. Both of these loops are responsible for
the binding of a sodium cation, which is thought to be a critical allosteric
effector of thrombin77,78. The clustering in (d) yields mostly one cluster,
this clustering does separate out the Gamma loop and C-terminus of the
protein’s light chain as one (blue cluster). . . . . . . . . . . . . . . . . . . 161

5.7 In this example of correlation visualization with an MutSα bound to cis-
platinated DNA, we use the (a) residue-residue correlation matrix as (b)
a similarity matrix for HDSCAN clustering and as (c) raw input for clus-
tering. We also (d) calculate a new similarity matrix based on the dot
products of all correlation vectors with one another. The clustering in (b)
indicates communication (i.e., correlated motion) across multiple domains
resulting from exposure to cisplatinated DNA. The clustering in (c) indi-
cates that the connector, ATP-ase, clamp and lever domains (blue cluster)
have similar correlation vectors – i.e., similar dynamics. The clustering
in (c) ndicates that the mismatch binding domain behaves similarly to a
large portion of residues in MSH2 (blue cluster). We also see more residues
behaving similarly across the two monomers (red cluster and part of blue
cluster). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162
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5.8 In this example of correlation visualization with an MutSα bound to car-
boplatinated DNA, we use the (a) residue-residue correlation matrix as
(b) a similarity matrix for HDSCAN clustering and as (c) raw input for
clustering. We also (d) calculate a new similarity matrix based on the
dot products of all correlation vectors with one another. The cluster-
ing in (b) indicates relatively few highly correlated residues. HDBSCAN
labeled most residues as noise. However, some residues from MSH6’s
lever domain and a few residues from the mismatch binding domain (blue)
have highly correlated (or anti-correlated) motion. The clustering in (c)
indicates similar dynamics across multiple domains on both MSH2 and
MSH6. The residues from the mismatch binding, lever and connector do-
main of MSH6 are placed in the same cluster (blue) as residues from the
lever and ATP-ase domain of MSH2. In the other cluster (red), we see
residues from the ATP-ase domain and the clamp domain. The cluster-
ing in (d) yields a similar result as clustering on the correlation matrix
as raw input (c). Both of these clustering outputs (c-d) indicate commu-
nication across the two dimers. Such allosteric communication between
MSH2 and MSH6 has been a topic of much interest in previous stud-
ies64,65,66,65,63,68,61,79,81,82,83,84,85,59,86,87,88. . . . . . . . . . . . . . . . . . . . 164

6.1 The MutSα complex shown here is colored by domain classification. The
color coding for the domains is blue for the mismatch binding domain,
green for the connector domain, yellow for the leaver domain, orange for
the clamp domain, and red for the ATP-ase domain. The nucleic acid
strands is colored purple with an additional transparent surface around it
for clarity, and the ADP molecules present in the crystal structure15 are
shown in a bonds representation. . . . . . . . . . . . . . . . . . . . . . . 186
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6.2 Based on the presence of two hydrogen bonds Thr781 on MSH6 to an
ADP molecule and Ala517 on MSH2 to Cyt4 on the damage DNA our
decision tree, fitted on hydrogen bonds between the protein and the bound
nucleic acids (including ADP), correctly labels the type of damage in 80%
of MD frames (and mislabels the other 20%). How to read all such
figures: The flow chart shown here indicates the damage type predicted
by two-level decision tree as the damage type with the highest estimated
probability (see Methods) along with the probability of other types of
damage. That is, decision output from Matlab and pruned to 2 remaining
levels would label a frame with both a Thr781-ADP and a Ala517-Cyt
hydrogen bond as “Cis.” In the MD data, 94.7% of frames with these two
hydrogen bonds were in the Cis trajectories, 4.0% were in FdU trajectories,
and 1.3% were in Carbo trajectories. Residues (or bases) involved in
the interactions described in the flow chart are in VDW representation.
The description of the interaction is shown directly adjacent to residues
involved so that the reader may easily see the domain and specific location
of the relevant residues. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191

6.3 Based on the presence of three hydrogen bonds Thr858 on MSH6 to
Phe826 on MSH2, Asn390 on MSH6 to Gln718 on MSH2, and Glu7 on
MSH6 to Arg382 on MSH2 our decision tree, fitted on hydrogen bonds
between the two protein monomers, correctly labels the type of damage in
82% of MD frames (and mislabels the other 18%). For guidance on how
to read this figure, see Methods and the caption of Figure 6.2. . . . . . . 194

6.4 Based on the presence of two hydrogen bonds Thr858 on MSH6 to Phe826
on MSH2 and Arg220 on MSH6 to ASP215 also on MSH6 our decision
tree, fitted on hydrogen bonds between any protein residues and any other
residue or base (including another protein residue), correctly labels the
type of damage in 86% of MD frames (and mislabels the other 14%). For
guidance on how to read this figure, see Methods and the caption of Figure
6.2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 195
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6.5 Comparison of RMSF (a-c) of protein alpha carbons reveals generally sim-
ilar regions of flexibility in each system. However, the Cis (b) and FdU
systems (c) have distinct peaks, indicating uniquely mobile regions. While
the highlighted region in the Carbo system (a) is roughly the same magni-
tude in value as the other systems (b-c), there are more residues within the
peaked region in the Carbo system (a). This same region also has a slightly
narrower but taller peak in the Cis system (b). Additionally, we see stabi-
lization in the ATP-ase domain of MSH6 in response to FdU-substituted
DNA (c-d). For reference, residues in the highlighted portions of the plots
are shown with matching colors on the crystal structure (d) with the nu-
cleic acid colored purple for emphasis. These regions are residues between
(a) Ala579 and Lys670 in the lever and clamp domains of MSH6 for the
Carbo system, (b) residues between Lys9 and Met49 in mismatch binding
domain of MSH6, and (c) residues between Lys235 and LEu270 in the con-
nector domain of MSH2 and between Gln919 and Ala959 of the ATPase
domain of MSH6 for the FdU system. . . . . . . . . . . . . . . . . . . . . 196

6.6 By projecting each system onto the common basis set formed by decom-
posing the covariance matrix of the concatenated trajectory of all systems,
we see that each system enters a distinct region of the free energy map
while having a common well. The crystal structure (initial coordinates for
each simulation) is marked with black star in the first panel near coordi-
nates (10, 50). Each color-coded and labeled set of x’s is one structural
cluster, based on residues near the damaged DNA. The cluster numbers
correspond to those in Figure 6.7. We plot these additional points here to
demonstrated how similarly binding site clustering and a PCA histogram
partition the trajectories. From this comparison, we see that binding site
motions are the primary cause of the various free energy wells in PCA1-2
space. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197
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6.7 Visualization of structural clusters of residues with any atoms within 10
angstroms of the bound nucleic acid reveals MutSα’s local response to
various types of DNA damage. The cluster numbers here correspond to
the labels in Figure 6.6. Amorim-Hennig clustering placed frames from
the Carbo simulations in clusters 0 (45.86% of Carbo frames), 2 (39.90%),
7 (10.50%), 9 (0.02%), and 10 (3.72%). Frames from Cis simulations were
placed in clusters 4 (40.36% of Cis frames), 6 (36.22%), 7 (16.18%), and
10 (7.24%). Frames from the FdU simulations were placed in clusters 1
(36.40% of FdU frames), 3 (16.08%), 5 (22.00%), 7 (0.70%), 8 (10.94%),
and 9 (13.88%). By plotting frames from these clusters on the estimated
free energy landscape using the dominant principal components (Figure
6.6), we see that binding site motions are the primary cause of the various
free energy wells in PCA1-2 space. The solid structure in each cluster
visualization is the trajectory frame with the smallest RMSD from the
average of all structures in the cluster. Shadows are all frames in the
cluster, so that the reader may gauge the width of the distribution65. . . 199

6.8 Analysis of correlated motions of common alpha carbons across all three
systems reveals the response of the protein’s long-range residue commu-
nication network to the three types of DNA damage. The Carbo system
(a) exhibits pockets of strong correlation in the lever, clamp and ATP-ase
domains. Correlation of these regions involves more residues and is of
greater intensity in the Cis system (b). In this system, we also see corre-
lations across monomers emerge in the connector and mismatch binding
domains, which is greatly reduced in the FdU system (c). However, we
see greater correlation in the connector domain in MSH2 (but not MSH6)
in the FdU system (c). For reference, the protein crystal structure colored
by domain is shown in panel (d) with the same colors as in Figure 6.1.
These colors are also used on the axes of panels (b) and (c) to indicate
the domain that corresponds to the residue number in panel (a). . . . . . 200
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6.9 Amorim-Hennig clustering on heavy atoms of Phe71 and Glu73 on MSH6,
previously implicated in mismatch recognition and repair8,67,68,9,11, reveals
the local structural response of the protein to the three types of DNA dam-
age. In cluster 0 through 3 (a-d), we see the aromatic ring on phenylalanine
stacking with either the damaged base (b) or the the complimentary base
to the damaged base (a, c, and d). Phe and Glu enter the conforma-
tion shown in panel (a) in 12.28% of Carbo frames, 46.90% of Cis frames
and 1.72% of FdU frames; (b) in 11.12% of Carbo frames, 8.52% of Cis
frames, and 62.18% of FdU frames; (c) in 36.88% of Carbo frames, 43.98%
of Cis frames, and 5.38% of FdU frames; (d) in 39.58% of Carbo frames
and 0.58% of Cis frames; (e) in 0.14% of Carbo frames, 0.02% of Cis
frames, and 30.72% of FdU frames. In these visualizations, the damaged
DNA structure is taken from the cluster’s representative frame. Damaged
bases and their complimentary bases are shown as solid CPK represen-
tation with all other nucleic bases shown with shadow. Platinum atoms
in frames from Carbo and Cis systems are colored a dark gold. In FdU
systems, the fluorine atom is shown in VDW representation for empha-
sis. Phe71 and Glu73 are shown in solid bonds representation. Camera
perspective is adjusted in each panel to show Phe stacking (a-d) or lack
thereof (e). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 201

6.10 Fitting a decision tree on the binary hydrogen bond trajectory of inter-
actions between protein residues and nucleic bases (including adenine on
the two present ADP residues) from the concatenated data of all systems
yielded a decision tree with 37 levels of depth that correctly labels the
type of damage in 99.82% (i.e, 0.18% loss) of MD frames. . . . . . . . . . 208

6.11 Pruning the decision tree in Supplementary Figure 6.1 by 12 levels yielded
a tree with 1% loss. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 209

6.12 Pruning the decision tree in Supplementary Figure 6.1 by 31 levels yielded
a tree with 5% loss. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 209

6.13 Based on the presence of two hydrogen bonds Ala517 on MSH2 to Cyt4
on the damaged DNA and Lys6 on MSH2 to Gua11 on the damaged DNA
our decision tree, fitted on hydrogen bonds between the protein and the
damaged DNA, correctly labels the type of damage in 74% of MD frames
(and mislabels the other 26%). For guidance on how to read this figure,
see Methods and the caption of Figure 2. . . . . . . . . . . . . . . . . . . 210
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6.14 Based on the presence of two hydrogen bonds Thr781 on MSH6 to one
ADP molecule and Thr677 on MSH2 to the other ADP molecule our
decision tree, fitted on hydrogen bonds between the protein and ADP
molecules, correctly labels the type of damage in 69% of MD frames (and
mislabels the other 31%). For guidance on how to read this figure, see
Methods and the caption of Figure 2. . . . . . . . . . . . . . . . . . . . . 211

6.15 Fitting a decision tree on the binary hydrogen bond trajectory of inter-
actions between the two protein monomers (MSH2-MSH6) from the con-
catenated data of all systems yielded a decision tree with 39 levels of depth
that correctly labels the type of damage in 99.91% (i.e, 0.09% loss) of MD
frames. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 212

6.16 Pruning the decision tree in Supplementary Figure 6.6 by 17 levels yielded
a tree with 1% loss. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 212

6.17 Pruning the decision tree in Supplementary Figure 6.6 by 30 levels yielded
a tree with 5% loss. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 213

6.18 Fitting a decision tree on the binary hydrogen bond trajectory of interac-
tions between protein residues and any other residue (including another
protein residue) or base (damaged double strand or either ADP molecule)
from the concatenated data of all systems yielded a decision tree with 21
levels of depth that correctly labels the type of damage in 99.96% (i.e,
0.04% loss) of MD frames. . . . . . . . . . . . . . . . . . . . . . . . . . . 213

6.19 Pruning the decision tree in Supplementary Figure 6.9 by 10 levels yielded
a tree with 1% loss. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 214

6.20 Pruning the decision tree in Supplementary Figure 6.9 by 15 levels yielded
a tree with 5% loss. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 214

7.1 Correlation coefficients of time-lagged correlation matrix at a series of τ
values to the typical equal time correlation matrix are presented for (a-b)
therapeutic DNA strand F10 in physiological solvents, NEMO zinc finger
with (c) and without (d) a bound zinc ion, Thrombin in a (e) stabilizing
and (f) destabilizing solvent, and MutSα with (g) cisplatinated DNA and
(h) carboplatinated DNA. Bars are standard error. . . . . . . . . . . . . 229

7.2 Correlation coefficients of the correlation propagator at a series of τ val-
ues to the typical equal time correlation matrix are presented for (a-b)
therapeutic DNA strand F10 in physiological solvents, NEMO zinc finger
with (c) and without (d) a bound zinc ion, Thrombin in a (e) stabilizing
and (f) destabilizing solvent, and MutSα with (g) cisplatinated DNA and
(h) carboplatinated DNA. Bars are standard error. . . . . . . . . . . . . 231

xxvii



7.3 Single exponential fits for correlation coefficients of time-lagged correlation
matrix at a series of τ values to the typical equal time correlation matrix
are presented for NEMO zinc finger with (a) and without (b) a bound
zinc ion, Thrombin in a (c) stabilizing and (d) destabilizing solvent, and
MutSα with (e) cisplatinated DNA and (f) carboplatinated DNA. Bars
are standard error. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 234

7.4 Double exponential fits for correlation coefficients of time-lagged correla-
tion matrix at a series of τ values to the typical equal time correlation ma-
trix are presented for NEMO zinc finger with (a) and without (b) a bound
zinc ion, Thrombin in a (c) stabilizing and (d) destabilizing solvent, and
MutSα with (e) cisplatinated DNA and (f) carboplatinated DNA. Bars
are standard error. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 235

7.5 Triple exponential fits for correlation coefficients of time-lagged correlation
matrix at a series of τ values to the typical equal time correlation matrix
are presented for NEMO zinc finger with (a) and without (b) a bound
zinc ion, Thrombin in a (c) stabilizing and (d) destabilizing solvent, and
MutSα with (e) cisplatinated DNA and (f) carboplatinated DNA. Bars
are standard error. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 236

7.6 Single exponential fits for correlation coefficients of correlation propaga-
tor matrix at a series of τ values to the typical equal time correlation
matrix are presented for (a-b) therapeutic DNA strand F10 in physiologi-
cal solvents, NEMO zinc finger with (c) and without (d) a bound zinc ion,
Thrombin in a (e) stabilizing and (f) destabilizing solvent, and MutSα
with (g) cisplatinated DNA and (h) carboplatinated DNA. Bars are stan-
dard error. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 237

7.7 Double exponential fits for correlation coefficients of correlation propa-
gator matrix at a series of τ values to the typical equal time correlation
matrix are presented for (a-b) therapeutic DNA strand F10 in physiologi-
cal solvents, NEMO zinc finger with (c) and without (d) a bound zinc ion,
Thrombin in a (e) stabilizing and (f) destabilizing solvent, and MutSα
with (g) cisplatinated DNA and (h) carboplatinated DNA. Bars are stan-
dard error. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 238
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7.8 Triple exponential fits for correlation coefficients of correlation propaga-
tor matrix at a series of τ values to the typical equal time correlation
matrix are presented for (a-b) therapeutic DNA strand F10 in physiologi-
cal solvents, NEMO zinc finger with (c) and without (d) a bound zinc ion,
Thrombin in a (e) stabilizing and (f) destabilizing solvent, and MutSα
with (g) cisplatinated DNA and (h) carboplatinated DNA. Bars are stan-
dard error. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 239

9.1 Miller et al.5,3 investigated changes in biological function of 4-dimethylaminobenzene,
shown here. This visualization was created using VMD6. . . . . . . . . . 252

9.2 In 1957, Jaffe et al.10 reported a uracil-based compound, 6-azauracil, had
carcinostatic activities. This visualization was created using VMD6. . . . 253

9.3 5-fluorouracil (5-FU), oroginally synthesized by Charles Heidelberger in
19571, is still widely in use as a chemotherapeutic agent, even at the time
of this writing in 2017. This visualization was created using VMD6. . . . 254

9.4 Nucleotides of the 10mer 5-fluoro-2’-deoxyuridine-5’-monophosphate (FdUMP[10])
are produced computationally by replacing a thymidine monophosphate
methyl group with fluorine. Figure and caption adapted with permission
from Melvin, Ryan L, William H Gmeiner, and Freddie R. Salsbury Jr.
2016. All-Atom Molecular Dynamics Reveals Mechanism of Zinc Com-
plexation with Therapeutic F10. The Journal of Physical Chemistry B
120 (39): 1026979. doi:10.1021/acs.jpcb.6b07753. . . . . . . . . . . . . . 256

10.1 Nucleotides of the 10mer 5-fluoro-2’-deoxyuridine-5’-monophosphate (FdUMP[10])
are produced computationally by replacing a thymidine monophosphate
methyl group with fluorine. Throughout this paper, we use the sugar
numbering, base numbering, and atom colors shown here. . . . . . . . . . 266

10.2 F10 (a-b) has greater affinity for zinc compared to PolydT and PolyU.
Panel (a) shows the actual radial distribution function, and panel (b)
shows the peak for each system reported in panel (a). That is, panel (b)
shows the peaks of panel (a). Deprotonating N3 after the zinc has engaged
in close-range interactions with F10 results in a higher affinity than when
the nitrogen is deprotonated in the presence of randomly placed zincs.
This order of events makes intuitive sense – close-range presence of zinc
causes the deprotonation of the nitrogen. In panel (c), zinc is shown in
orange and F10 is colored by residue number. Panel (d) also shows exam-
ples of zinc interactions sites, using distances from the structure shown in
panel (c). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 271

xxix



10.3 Across all three polymers evaluated (F10, T10 and U10), the majority of
zinc interactions are with phosphate groups. Deprotonating N3 after the
zinc has engaged in close-range interactions with F10 (a-b) results in a
higher affinity than when the nitrogen is deprotonated in the presence of
randomly placed zincs. In panel (c), zinc is shown in Orange and F10 is
colored by residue number. Panel (d) shows an example of zinc interacting
with a fluorouracil and the phosphate backbone, using distances from the
structure shown in panel (c). . . . . . . . . . . . . . . . . . . . . . . . . 272

10.4 In the presence of both zinc and magnesium ions, we see fully protonated
F10 has (a) only long-range interactions with magnesium, (b) little mag-
nesium interactions with phosphate groups, and (c) a higher level of zinc
activity (cf. Figure 10.2a), particularly (d) F10’s phosphate groups (cf.
Figure 10.3a). We also see little interaction between zinc and F10’s (e)
O4 atoms and (f) fluorines on C5 – an interaction that has been reported
for FdU-substituted DNA in experimental and ab initio results12. . . . . 274

10.5 In the presence of both zinc and magnesium ions, we see hemi-protonated
F10 has (a) strong short-range interactions with magnesium, (b) partic-
ularly the phosphate groups, and (c) a higher level of zinc activity (cf.
Figure 10.2a), particularly (d) F10’s phosphate groups (cf. Figure 10.3a).
We also see interaction between zinc and F10’s (e) O4 atoms and (f) flu-
orines on C5, as expected from experimental and ab initio results in the
literature12. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 275

10.6 The distribution of zinc to hemi-protonated F10-O4 changes noticeably
from the fully protonated (a-b). Zinc interactions are primarily long-range
for fully protonated F10, but short-range for hemi-protonated. Similar to
Figure 10.3, simulations in which F10 and zinc form close-range interac-
tions prior to N3 deprotonation exhibit higher zinc activity. Comparison
with analogous nucleic acid strands shows that fully protonated F10’s O4
atom is equally attractive to zinc as that of PolydT and PolyU. Panel
(c) shows an example of zinc (orange) interacting with O4 (red) on hemi-
protonated F10. Zinc and O4 atoms are displayed using VdW represen-
tation for emphasis. Panel (d) shows an example interaction of zinc with
one fluorouracil, using distances from the structure shown in panel (c). . 277
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10.7 While remaining relatively low in intensity and long-range, deprotona-
tion of every other N3 atom on F10 increases the F5-Zn activity relative
to the fully protonated F10 simulations (a-b). Comparison to analogous
atoms on similar nucleic acid strands shows that the fluorine attached to
F10’s C5 atom exhibits a greater propensity for interacting with zinc than
the methyl group’s carbon on PolydT or the hydrogen attached to C5
on PolyU. Panel (c) shows an example of zinc (orange) interacting with
F5 (pink) on hemi-protonated F10. Zinc and F5 atoms are displayed us-
ing VdW representation for emphasis while other atoms and bonds are
visualized as ball and stick (CPK). . . . . . . . . . . . . . . . . . . . . . 278

10.8 Visualizing the highest population RMSD-based clusters of each simu-
lated system reveals the relative level of order and compactness for each.
The highest population cluster from (a) fully protonated F10 in 150mM
ZnCl2, (b) hemi-protonated (continued) F10 in 150mM ZnCl2, (c) hemi-
protonated (fresh) F10 in 150mM ZnCl2, (d) fully protonated F10 in
150mM MgCl2, (e) fully protonated F10 in the presence of both zinc and
magnesium, (f) hemi-protonated F10 in the presence of both zinc and mag-
nesium, (g) polydT in 150mM ZnCl2, and (h) polyU in 150mM ZnCl2. In
parentheses with each visualization is the percentage of trajectory frames
the cluster makes up. The 5 highest population clusters from each of these
systems are shown respectively in Supporting Information Figures 10-17.
Solid structures are median, and shadows are one standard deviation by
RMSD. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 281

10.9 Fully protonated F10 (a) forms primarily long-range interactions with
magnesium ions (when simulated in 150mM MgCl2). While (b) some
close-range interactions with phosphate groups occur, there are an order
of magnitude fewer than the interactions with zinc. . . . . . . . . . . . . 282

10.10The (a-e) 5 lowest order (highest population) RMSD-based macrostates
make up 50.4% of the MD frames for a trajectory of fully protonated
F10 in 150mM ZnCl2. Roughly (f) 10% of the time F10 and zinc form a
structure capable of the proposed mechanism of complexation. Colorbar
is fraction of frames with the number of contacts specified by the x and y
axes. Shadows (a-e) are 1 standard deviation by RMSD. . . . . . . . . . 283

10.11The (a-e) 5 lowest order (highest population) RMSD-based macrostates
make up 85.8% of the MD frames for a 16µs trajectory of hemiprotonated
F10 simulations (150mM Zncl2) with initial coordinates in which zinc and
F10’s phosphate groups have already formed close-range interactions. . . 284
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10.12The (a-e) 5 lowest order (highest population) RMSD-based macrostates
make up 89.7% of the MD frames for a 16µs trajectory of hemiprotonated
F10 started from an extended structure with randomly placed zinc ions
(150mM ZnCl2). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 285

10.13The (a-e) 5 lowest order (highest population) RMSD-based macrostates
make up 4.5% of the MD frames for a 16µs trajectory of fully protonated
F10 in 150mM MgCl2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 286

10.14The (a-e) 5 lowest order (highest population) RMSD-based macrostates
make up 61.4% of the MD frames for a 16µs trajectory of fully protonated
F10 in the presence of both zinc and magnesium. . . . . . . . . . . . . . 287

10.15The (a-e) 5 lowest order (highest population) RMSD-based macrostates
make up 30.9% of the MD frames for a 16µs trajectory of hemiprotonated
F10 in the presence of both zinc and magnesium. . . . . . . . . . . . . . 288

10.16The (a-e) 5 lowest order (highest population) RMSD-based macrostates
make up 72.9% of the MD frames for a 2µs trajectory of polydT solvated
in 150mM ZnCl2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 289

10.17The (a-e) 5 lowest order (highest population) RMSD-based macrostates
make up 40.4% of the MD frames for a 2µs trajectory of polyU solvated
in 150mM ZnCl2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 290

10.18Both simulations with hemiprotonated F10 show closer-range and higher-
activity interactions between O2 and zinc than the simulations containing
fully protonated F10 (a-b). Comparison to two analogous nucleic acids
reveals that fully protonated has higher O2-Zn activity that PolydT and
PolyU. Panel (c) shows an example of zinc (gray) interacting with O2 (red)
on Hemiprotonated F10. Zinc and O2 atoms are displayed using VdW
representation for emphasis while other atoms and bonds are visualized
as ball and stick (CPK). . . . . . . . . . . . . . . . . . . . . . . . . . . . 291

11.1 To produce 5-fluoro-2’-deoxyuridine-5’-O-monophosphate in silico, we sub-
stitute fluorine for a methyl group on a thymidine monophosphate. The
sugar numbering, base numbering and atom coloring shown here are adopted
throughout this paper. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 302
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11.2 The three stable structures that emerged in the simulation of F10 solvated
in 150mM CaCl2 (a-c) are all partially folded, compact structures. From
the shadows showing the width of the distribution of conformations, we
see that the phosphodiester backbone is stable across all frames in each
cluster, with the variations coming from nucleobases. Similarly, the stable
structure that emerges in the second 5-microsecond simulation of F10 sol-
vated in 150mM ZnCl2 is compact, but unlike those from the calcium-rich
simulation the structure from the zinc-solvated simulation is relatively un-
structured. Cluster numbering corresponds to Supplementary Information
Figure 11.9. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 311

11.3 Calculating transitions between structural macrostates using Markov anal-
ysis (see Methods) indicates each system has one or two kinetic traps on
a microsecond timescale. The conformational ensemble comprising the
longest-lived one or two states. For systems where two states are visual-
ized in this figure, the ensemble is placed closest (vertical distance) to line
on the plot representing that state. The plots of Macrostate vs Timestep
were constructed by simulating a system starting from each macrostate
(y-tick value) directly from a Markov Rate Matrix. The rate matrix made
using a lag time of 1ns is exponentiated over natural number values, and
whenever a transition becomes more than 50%, that transition is consid-
ered to have occurred. Vertical dotted lines represent the point at which a
transition occurs. The color of each vertical line corresponds to its starting
state. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 312

11.4 C1’ correlation matrices of each system indicates little communication oc-
curring between nucleic bases in simulations of F10 solvated in 150mM
KCl(a), NaCl (b) or MgCl2 (d). However, off-diagonal correlation and
anti-correlation emerges most prominently in simulations solvated in 150mM
CaCl2 (c) or ZnCl2 (e). The particularly strong correlation in the calcium-
rich simulations is expected based on the structured conformations seen
in Figure 11.2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 313

11.5 Projecting each system (a-e) onto a common basis (f) reveals that the
simulations with F10 solvated in 150mM KCl(a), NaCl(b) or MgCl2 (d)
overlap with one another in terms of the portion of PC1-2 space explored.
F10 solvated in 150mM CaCl2 explores a portion of this same space but
ventures into its own region of principal component space, unexplored by
F10 in any other solvation condition. The narrow wells appearing in the
projection of the ZnCl2-solvated system (e) indicates that zinc stabilizes
regions of the other four systems. . . . . . . . . . . . . . . . . . . . . . . 314
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11.6 Calculating the percent of frames with at least one base-base interaction
in each system shows that F10 solvated in 150mM NaCl is the least struc-
tured in terms of hydrogen bonds involving two or more bases. Zinc-rich
simulations of F10 had the highest percentage of frames with at least one
base-base interaction. Here we see that the higher level of kinetic stability
seen in simulations of F10 solvated in zinc chloride (Figure 1) is due to hy-
drogen bonds between bases. However, the relatively lower percentage of
base-base interactions in calcium-rich simulations indicates that the high
level of stability seen in calcium-chloride-solvated simulations is not due
to more frequent or long-lasting hydrogen bonds between bases. . . . . . 315

11.7 The radial distribution functions of nucleic atoms and metal ions for each
system implicates short-range interactions with metal ions as responsible
for the relatively higher level of stability observed in calcium-rich and zinc-
rich simulations of F10 (a-b). Additionally, comparing radial distribution
functions for phosphorous atoms – found only on the nucleic backbone –
and metal ions (c-d) with radial distribution functions for fluorine atoms
– found only on nucleic bases – suggests it is backbone interactions with
zinc and calcium rather than nitrogenous base interactions with the metal
ions that are responsible for this stability. . . . . . . . . . . . . . . . . . 316

11.8 Visual inspection confirms that calcium (a-c) and zinc (d) form close-range
interactions with the most stable conformations of F10. In both systems,
we see instances of both single and multiple phosphate groups interacting
with the metal ions. The cluster representatives shown here correspond
to those in Figure 2. F10 is visualized with both New Ribbons and CPK
representations from VMD. In the ribbons, F10 is colored by segment.
Calcium is shown as blue, and zinc as gray in VDW representation. . . . 317

11.9 Plotting HDBSCAN clustering as timeseries indicates that calcium and
zinc (c, e) induce long-lived (up to microseconds at a time) states for F10
while potassium, sodium and magnesium (a, b, d) have much shorter lived
states (only a few nanoseconds). . . . . . . . . . . . . . . . . . . . . . . . 318

11.10The largest observed persistence length occurs in simulations of F10 sol-
vated in 150mM KCl. We see a similar pattern of compactness in terms
of distributions of RGYR values. . . . . . . . . . . . . . . . . . . . . . . 319

11.11Histogram counts of base-base interactions in each trajectory frame reveals
that F10 prefers single base-base interactions. . . . . . . . . . . . . . . . 320
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12.1 The nucleotides of the 10mer 5-fluorouridine-5’-monophosphate (FUMP[10])
is produced computationally by replacing a thymidine monophosphates
methyl group with fluorine and adding a hydroxyl group at C2’. Through-
out this paper, we use the sugar numbering, base numbering and atom
colors shown here. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 334

12.2 For each macrostate – (A) folded, (B-C) partially folded and (D) ex-
tended – the strcuture with the smallest RMSD from the average struc-
ture is shown as solid with shows representing one standard deviation (by
RMSD). These shadows serve as a conformation space uncertainty sphere,
revealing the variety of conformations in each macrostate56. Python code
for producing such figures is available at https://doi.org/10.6084/m9.
figshare.1601897. In the case of the partially folded state, we have
included (C) an ensemble of the top 10 conformations (i.e., median struc-
tures of the top 10 microstates by population). . . . . . . . . . . . . . . . 335

12.3 The most common base interactions across and within all macrostates are
phosphate interactions wherein an oxygen atom in one phosphate group
accepts a hydrogen bond from a nucleotide. The numbered residues are
those referenced in Table 12.2. . . . . . . . . . . . . . . . . . . . . . . . . 339

12.4 Starting from any initial state (i.e., folded, partially folded or extended),
these transition probabilities converge within 40 steps (200 ns) to steady
state populations of macrostates that is within 0.1% of the populations
derived from RMSD clustering on the MD trajectories. This recovery of ki-
netics via Markov analysis reveals that the transitions folded< − >partially
folded and unfolded< − >partially folded are more likely than direct tran-
sitions between folded and unfolded. Based on the transition probabilities
shown here, the expected transition times are 13 ns for extended to par-
tially folded, 75ns for partially folded to folded, and 78 ns for extended to
folded. On the other hand, the unfolding times for the fully and partially
folded states are 101 ns and 49 ns respectively. . . . . . . . . . . . . . . . 346

12.5 A combination of RMSD clustering, RGYR-based histograms and visual
inspection indicates 3 macrostates: folded, partially folded and extended.
Free energy calculations show that while folded and partially folded are
equally likely there is a large energy barrier to transitioning between the
two states. Furthermore, while moving from partially folded to extended
is not favorable, moving from extended to partially folded is favorable.
This apparent asymmetry comes from our simplified presentation of the
pathway as unidimensional. . . . . . . . . . . . . . . . . . . . . . . . . . 347
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12.6 (A) Little correlated motion occurs between atoms other self-residue in-
teractions. (B) In the partially folded macrostate, some interactions occur
among neighboring residues. (C) Neighboring residue interactions and in-
teractions across the hairpin conformation seen in Figure 12.2A appear
in the folded macrostate. The difference in partially folded and folded
correlations is shown in (D) revealing that the greatest differences occur
in residue interactions across the hairpin structure. That is, the greatest
differences occur along and near the anti-diagonal elements of the folded
and partially folded correlation matrices. . . . . . . . . . . . . . . . . . . 348

12.7 PolydT forms stable but not structured conformations (A) that have
lifespans on the order of 80 ns. PolyUs long-lived states (B) have lifespans
on the order of 10 ns, compared to F10s macrostates (Figures 12.2 and
12.3), which last for microseconds at a time. (C) F10 shows both short
medium range interactions with magnesium ions. (D) PolydT has the
tightest binding with magnesium. (E) PolyU shows the lowest propensity
to bind closely with magnesium. . . . . . . . . . . . . . . . . . . . . . . . 349

13.1 With a fatty-acid like polyethyleneglycol (PEG) chain attached to F10
structures from an intracellular-like environment, the most likely Vina
docking poses on Albumin had free energies between -16 and -9 kcal/mol. 368

13.2 F10-Albumin docking poses with PEG linker and F10 structures from an
intracellular-like environment are shown here using the above-discussed
ensemble visualization technique18. This visualization was created using
VMD19. The Albumin structures used for docking is RCSB PDB ID
1E7H8. The PEG linker is shown in VdW representation. . . . . . . . . . 369

13.3 With a fatty-acid like polyethyleneglycol (PEG) chain attached to F10
structures from an extracellular-like environment, the most likely Vina
docking poses on Albumin had free energies between -16 and -9 kcal/mol. 370

13.4 F10-Albumin docking poses with PEG linker and F10 structures from an
extracellular-like environment are shown here using the above-discussed
ensemble visualization technique18. This visualization was created using
VMD19. The Albumin structures used for docking is RCSB PDB ID
1E7H8. The PEG linker is shown in VdW representation. . . . . . . . . . 371

13.5 Without a fatty-acid like polyethyleneglycol (PEG) chain attached to F10
structures from an intracellular-like environment, the most likely Vina
docking poses on Albumin had free energies between -19 and -12 kcal/mol. 372

xxxvi



13.6 F10-Albumin docking poses without a PEG linker and F10 structures from
an intracellular-like environment are shown here using the above-discussed
ensemble visualization technique18. This visualization was created using
VMD19. The Albumin structures used for docking is RCSB PDB ID
1E7H8. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 373

13.7 Without a fatty-acid like polyethyleneglycol (PEG) chain attached to F10
structures from an extracellular-like environment, the most likely Vina
docking poses on Albumin had free energies between -19 and -12 kcal/mol. 374

13.8 F10-Albumin docking poses without a PEG linker and F10 structures from
an extracellular-like environment are shown here using the above-discussed
ensemble visualization technique18. This visualization was created using
VMD19. The Albumin structures used for docking is RCSB PDB ID
1E7H8. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 375

13.9 Here we see the first (translucent) and last (solid) frame of the simulation
of the F10 structure from a KCl-heavy solvent condition docked to albumin
followed by a simulation of the complex in the same KCl-heavy condition.
This visualization was created using VMD19. The Albumin structures
used for docking is RCSB PDB ID 1E7H8. . . . . . . . . . . . . . . . . 376

13.10Here we see the first (translucent) and last (solid) frame of the simulation
of the F10 structure from a NaCl-heavy solvent condition docked to al-
bumin followed by a simulation of the complex in the same NaCl-heavy
condition. This visualization was created using VMD19. The Albumin
structures used for docking is RCSB PDB ID 1E7H8. . . . . . . . . . . 377

13.11Here we see the first (translucent) and last (solid) frame of the simulation
of the F10 structure from a NaCl-heavy solvent condition docked to al-
bumin followed by a simulation of the complex in a KCl-heavy condition.
This visualization was created using VMD19. The Albumin structures
used for docking is RCSB PDB ID 1E7H8. . . . . . . . . . . . . . . . . 377

13.12Here we see the first (translucent) and last (solid) frame of the simulation
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15.1 Primary and secondary structures of NEMO ZF. The zinc ion is coor-
dinated in a CCHC binding site (highlighted by bonds colored by atom
type), within a -motif (cartoon representation, colored by secondary struc-
ture). The surrounding shadow indicates the van der Waals surface of the
protein. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 395

15.2 The root mean square fluctuations for the 28 alpha carbons on the zinc-
finger NEMO. Colors depict alternative configurations of the Zn binding
site. The error bars represent the standard error over the 5 simulations.
Yellow dotted lines correspond to zinc-binding cysteines and the dotted
blue line corresponds to the zinc-binding histidine. . . . . . . . . . . . . . 399

15.3 Hydrogen Bond Distributions – The normal distributions of hydrogen
bond counts of the 4 binding site configurations with a 3.2Å cutoff dis-
tance and 120◦ cutoff angle for Polar atoms (N,O,S,F). The hydrogen bond
analysis for each configuration is done for each of the more than 160, 000
frames from the equilibrated trajectories. The mean is largest and stan-
dard deviation smallest on the biologically functional, CYN-ZN case. . . 400

15.4 Hydrogen bonds of the four zinc-finger binding site configurations repre-
sented by cylinders in a) CYN, b) CYNZN, c) CYS, and d) CYSZN. The
color of the cylinders vary by occupancy, where blue represents bonds that
were present in 19% of the simulation, white represents bonds that were
present in 52% of the time, and red represents bonds present 86% of the
time, with gradient coloring in between as shown in the centrally located
color bar. The conformations are representative structures from clustering
analysis (Figure 15.6). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 401

15.5 RMSD-based Clustering – Quality Threshold clustering based on root
mean square deviations of alpha carbons, a) Clustering time series for all
4 configurations combined with a 3.7Å cutoff for 100 clusters. Green lines
separate individual trajectories, while red lines separate active-site con-
figurations (CYN-CYNZN-CYS-CYSZN) b) Clustering time series of only
the CYN-ZN configuration with a 2.2Å cutoff filling 89 clusters (all single-
tons are lumped in the 90th cluster). c) The equilibrium distribution of
the CYN-ZN cluster data, showing 80% of the conformations represented
by the first 5 clusters. d) Markov rate matrix from the Markov chain of the
cluster time series (b). The rate matrix shows 8 kinetic traps (red boxes
along the diagonal) including the stable conformation that appears only
in the 5th trajectory. e) The transition pathways of the Markov model
converge to the ground state. . . . . . . . . . . . . . . . . . . . . . . . . 404
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15.6 Structures from Configuration Specific Clustering – Quality threshold RMSD
clustering of the 4 binding site configurations clearly shows the structural
stability offered by the coordinated zinc ion. Shadows represent 1 standard
deviation of the cluster with the median structure in color. Biologically
important configurations are highlighted with the green background. a)
The thiolate configuration without zinc (CYN) is dominated by an open
conformation at least partially caused by the electrostatic repulsion of the
thiolate groups with an RMSD cutoff of 5.0Å . b) Thiolate cysteines with
properly coordinated zinc (CYN-ZN) are very stable with small fluctua-
tions from the mean structure, RMSD cutoff 2.2Å . c) The Thiol cysteines
in the absence of zinc (CYS) rotated to show more of the structure and d)
in the presence of zinc (CYS-ZN) show loss of beta sheets and formation
of a pi-helix (red) near the C-terminus, with an RMSD cutoff 5.0Å for each. 405

15.7 All Atom Correlated Motions of the 4 active-site configurations. Correla-
tions indicate how atoms more together or opposite in a pair-wise fashion,
with 1 being perfect correlation (e.g. self-correlation along the diagonal)
and -1 representing perfect anti-correlation. The thiol binding configu-
rations are 98% correlated with one another and have a large neighbor
correlation in the turn-β-strand-turn region. Pockets of correlated regions
appear near the zinc-binding cysteines in CYN, and CYN-ZN shows a
strong alpha helix signature. . . . . . . . . . . . . . . . . . . . . . . . . . 407

15.8 Principal Component Analysis 2D histograms of zinc-bound deprotonated
trajectories onto the same configurations basis vectors, comparing the first
component, accounting for 33.6% of the variance, with the second, third,
fourth and fifth (11%, 7.7%, 5.3%, and 4.7%). In all four cases PC1 is split
into two main wells with a transient region separating them, and PC2 (a)
has an additional minimum from the main well. . . . . . . . . . . . . . . 408

15.9 Histograms of hydrogen bond count distributions of the 4 different con-
figurations throughout each simulation. Fits were performed using the
distribution-fitting tool in Matlab R©. . . . . . . . . . . . . . . . . . . . . . 412

15.10Hydrogen Bond pattern recognition results combine the training, testing,
and validation of the pattern recognition toolbox in Matlab as shown via
a confusion matrix (a) and ROC curve (b). Pattern recognition readily
identifies the deprotonated cases with greater than 96% success, but has
a more difficult time differentiating the protonated cases because of the
overlap of the hydrogen bond motifs. The trajectory includes 162670
frames of all the configurations concatenated together. . . . . . . . . . . 413
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15.11Subtracted correlations show differences between two correlation matrices
to identify regions of similarity and/or dissimilarity between two binding-
site configurations. The two protonated cases (CYS, CYS-ZN) are the
most similar while the deprotonated, zinc-bound case (CYN-ZN) is the
most unique. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 414

15.12PCA Projections CYN showing the projection of the CYN trajectories
onto the principal components of CYN-ZN. The wells are broadened in
all 4 cases compared to that of CYN-ZN itself, showing greater conforma-
tional sampling by the CYN configurations. . . . . . . . . . . . . . . . . 415

15.13PCA Projections CYS showing the projection of CYS onto the principal
components of CYN-ZN. The wells are broader than that of CYN-ZN.
The distributions are largely uniform consistent with the loss of secondary
structure and stabilized fluctuations. . . . . . . . . . . . . . . . . . . . . 416

15.14PCA Projections CYS-ZN showing the projection of CYS-ZN onto the
principal components of CYN-ZN. Once again there is a broadening of
the wells compared with CYN-ZN. The distributions are largely uniform
consistent with the loss of secondary structure and stabilized fluctuations
and the PCA results of CYS. . . . . . . . . . . . . . . . . . . . . . . . . 417

15.15The rare but stable conformation of the CYNZN configuration is shown
above. Appearing in only 1 of 5 simulations, the conformation dominates
the last trajectory. The kinetic trap occupies a unique portion of the
PCA plots of the first few WT components. Characterized by the extended
turn and perpendicular reorientation of the beta-sheets, this conformation
shows unique features currently under further investigation. . . . . . . . 418

16.1 Thrombin-Na+ complex structure. The thrombin is shown in green. The
60s (in pink), 220s (in blue), and γ (in gray) loops and exosite I (in orange)
and II (in yellow) are highlighted as the known regulatory regions. The
side chains of the catalytic triad are displayed in red. The bound Na+ is
shown as the yellow bead. . . . . . . . . . . . . . . . . . . . . . . . . . . 431

16.2 Radial distribution of function of ions around the 220s loop. The solid
lines in blue, red and green represent the averaged radial distributions
of Na+, K+, and Cl+ across all related runs. The shadows represent the
corresponding standard errors. . . . . . . . . . . . . . . . . . . . . . . . . 437

16.3 Root-mean-square fluctuation of alpha carbons. In each ion-binding/unbinding
status, regions with significant differences in Cα atom RMSFs are primar-
ily located in the surface loops and known regulatory sites. . . . . . . . 439
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16.4 Sorted clustering time series of thrombin’s regulatory regions across the
concatenated MD trajectories. The clustering time series were sorted ac-
cording to the the ion-binding statuses. Frames corresponding to K+-
bound/unbound and Na+-bound/unbound were separated by red vertical
lines. The makers with the largest cluster ID denote the noise, i.e. single-
ton conformational clusters. . . . . . . . . . . . . . . . . . . . . . . . . . 439

16.5 Distributions of solvent accessible surface area (SASA). Regarding confor-
mations with a Na+-binding/unbinding and K+-binding/unbinding, the
SASA distribution of the catalytic sub-pocket S1∼6 residues are plotted
respectively in panels (a)∼(f). The SASA distribution of the catalytic
triad and the SASA of the whole protein are also plotted in (g) and (h). 441

16.6 Conformational free energy surfaces of the regulatory regions. Regarding
conformations with a Na+-binding/unbinding and K+-binding/unbinding,
four free energy surfaces are plotted respectively in panels (a), (b), (c),
and (d) to compare the ion effects. Structural ensembles corresponding
to the labeled wells on the free energy surfaces are visualized in panel (e).
The representative structures of the whole protein are displaced via the
VMD NewCartoon representation in transparent green. The representa-
tive structure of the side chains in the regulatory regions are indicated by
the VMD Licorice representation in red. Gray shadows in VMD NewCar-
toon representation display the variances in the regulatory regions. The
side chains of the catalytic triad residues are shown in blue. Significant
conformational differences in the regulatory regions are highlighted by the
arrows. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 442

16.7 Conformational free energy surfaces of the catalytic pocket. Regarding
conformations with a Na+-binding/unbinding and K+-binding/unbinding,
four free energy surfaces are plotted respectively in panels (a), (b), (c),
and (d) to compare the ion effects. Structural ensembles corresponding
to the labeled wells on the free energy surfaces are visualized in panel
(e). The visualization strategy here is the same as in Figure 16.6). As
indicated by the arrows, PC1 captures much of the variance in 220s loop,
and PC2 mainly captures different poses in the 220s loop. . . . . . . . . . 443

S1 Visualization of structures of the top four non-noise clusters . . . . . . . 448
S2 Conformational free energy surfaces of the alpha carbons in the catalytic

pocket regarding conformations with a Na+-binding/unbinding and K+-
binding/unbinding. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 449
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S1 Thrombin-Na+ complex structure and thrombin mutant with the ∆LYS9
deletion. (a) The thrombin structure is visualized based on PDB 4DIH
and is shown in green and orange for the heavy and light chains. The 60s
(in pink), 220s (in purple), and γ (in yellow) loops and exosite I (in cyan)
and II (in blue) are highlighted, as these are known regulatory regions.
The side chains of the catalytic triad are displayed in red. The bound
Na+ is shown as a brown bead. (b) The side chain of LYS9 in the light
chain is indicated in CPK representation. The modeled initial structure
of ∆K9 mutant thrombin is shown in blue. . . . . . . . . . . . . . . . . . 474

S2 Root-mean-square fluctuations (RMSF) for the α-carbons of ∆K9 (Mu-
tant) and wild-type (WT) thrombin. The blue and red colors in (a) depict
the ∆K9 mutant and wild-type thrombin respectively. The residue indexes
in (a) follow our sequential residue numbering scheme that all residues in
the light and heavy chains are numbered from 1 to 295 and the LYS9
in the light chain thereby has a residue ID of 17. The known sites with
distinct RMSF are indicated by labels. The thrombin molecule is colored
based on the subtractions of RMSF (Mutant-WT) in (b) to indicate the
location of the significantly affected regions. . . . . . . . . . . . . . . . . 475

S3 Amorim-Hennig (AH) Clustering Distribution of ∆K9 (Mutant) and wild-
type (WT) thrombin. Panels (a)-(c) respectively illustrate the clustering
results of the Cα atoms, heavy atoms of the regulatory regions, and cat-
alytic triad. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 476

S4 Hydrogen Bond Analysis. (a) A decision tree classifier (96.21% accu-
racy) of ∆K9 (Mutant) and wild-type (WT) thrombin based on their
residue-residue hydrogen bonding features. The percentages in the blue
box denote the relative population of corresponding simulation type. The
numbers within the following parentheses indicate the actual counts of
structures of corresponding simulation type. Panel (b) and (c) illustrate
the hydrogen bonds involved in the decision splits in (a). The wild-type
and mutant thrombin structures were picked as the frames with the small-
est root-mean-square distance to the average structure in each type of
simulations. Each pair of residues has the same color and the order of
colors (blue, red, orange, yellow, tan, silver, pink and purple) follows the
decision levels . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 476
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S5 Distribution of the distance between the sodium loop and the nearest Na+

ion. The wild-type (WT) and ∆K9 mutant thrombin present two striking
peaks representing Na+-binding in the distribution plot (a). The peaks at
7 Å and 8.5 Å correspond to two binding modes of Na+ as respectively
illustrated in panel (b) and (c), where the bound Na+ ion is shown as the
brown bead. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 477

S6 Distributions of solvent accessible surface area (SASA). Regarding confor-
mations with a bound/unbound Na+ ion (denoted as on/off), the SASA
distribution of the catalytic sub-pocket S1-6 residues are plotted respec-
tively for wild-type (WT) and ∆K9 mutant thrombin in panels (a)-(f).
The SASA distribution of the catalytic triad and the SASA of the whole
protein are also plotted in (g) and (h). . . . . . . . . . . . . . . . . . . . 477

S7 Conformational free energy surfaces of the regulatory regions. Regarding
conformations with a Na+-binding/unbinding, four free energy surfaces
are plotted for wild-type (WT) and ∆K9 mutant thrombin respectively
in panels (a), (b), (c), and (d) to compare the mutant and ion effects.
Structural ensembles corresponding to the labeled wells on the free energy
surfaces are visualized in panel (e). The representative structures of the
whole protein are displaced via the NewCartoon representation in trans-
parent green. The representative structure of the side chains in the reg-
ulatory regions are indicated by the Licorice representation in red. Gray
shadows in NewCartoon representation display the variances in the regu-
latory regions. The side chains of the catalytic triad residues are shown in
blue. Significant conformational differences in the regulatory regions are
highlighted by the arrows. . . . . . . . . . . . . . . . . . . . . . . . . . . 478

S8 Conformational free energy surfaces of the catalytic pocket. Regarding
conformations with a Na+-binding/unbinding, four free energy surfaces
are plotted for wild-type (WT) and ∆K9 mutant thrombin respectively
in panels (a), (b), (c), and (d) to compare the mutant and ion effects.
Structural ensembles corresponding to the labeled wells on the free energy
surfaces are visualized in panel (e). The visualization strategy here is the
same as in Figure S7. As indicated by the arrows, PC1 captures much of
the variance in 60s loop, and PC2 mainly captures different shapes in the
S1 sub-pocket. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 479

S9 Representative structures with
√

2σ variances for clusters of the regulatory
region. The cluster labels are consistent with the cluster indexes in Figure
3b. The representation is the same as the structure panel in Figure 7. . . 480
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S10 Representative structures with
√

2σ variances for clusters of the catalytic
triad. The cluster labels are consistent with the cluster indexes in Figure
3c. The representation is the same as the structure panel in Figure 7. . . 480
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Abstract

This dissertation discusses the development of novel visualization techniques for biopoly-
mer structures, the application of machine learning to biophysical data, and an in depth
atomic-level investigation of a therapeutic nucleic acid called F10.

The first part of the dissertation focuses on visualization and machine learning, ad-
dressing key issues of bias in the field of computational biophysics. The guiding principle
in this work has been removing such bias and rigorously conveying uncertainty. To that
end, the dissertation develops numerous methods for interpreting biopolymer ensem-
ble data without the need for prior knowledge or setting of biasing parameters. These
methods include grouping large sets of structure data into bins via clustering without
the typical need for setting any biasing parameters; using a machine learning technique
called decision tree learning to uncover the rules by which parts of proteins interact in
a statistically rigorous, parameter-free, reproducible way; and creating simple visualiza-
tions of large data sets that tend to be too complicated for a human to easily understand
using extant visualization methods.

For all of these projects, the dissertation provides a careful discussion of the limits
of these methods and how researchers might visually convey the uncertainty inherent in
them. Furthermore, it provides guidance on how to display what are effectively error bars
on biopolymer structures. This part of the dissertation concludes with the development
of a statistical tool to estimate the amount of sampling needed for any time-dependent
multi-dimensional process without bias. These contributions may move the field forward
in its ability to remove bias and convey uncertainty in statistically rigorous ways.

The second part of the dissertation focuses on understanding the effectiveness of
and designing delivery mechanisms for therapeutic nucleic acids, particularly a 10mer
of FdUMP (5-fluoro-2-deoxyuridine-5-O-monophosphate) also called F10. The machine
learning techniques developed earlier in the dissertation are applied here to the ongoing
drug discovery project that is F10. This therapeutic oligomer represents the culmination
of over 60 years of rational drug design, starting with the development of 5-fluorouracil
(5-FU), leading to the development of multiple delivery systems for this fluoropyrimi-
dine, which paved the way for the development of F10. Compared to the currently used
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chemotherapeutic 5-FU, F10 is demonstrably more efficacious as a cytotoxic therapeutic,
and better tolerated in vivo than the widely used 5-FU. That is, F10 is better at killing
cancer but worse at killing people. This part of the dissertation begins with reproducing
previous experimental results in silico, leading to a specific, detailed ordered of events
for F10’s zinc complexation. This work is of particular import, as zinc is also effective at
killing cancer cells. Having reproduced and explained at an atomic level these experi-
mental results, the dissertation moves to predicting F10s in vivo structural and kinetic
properties in both intracellular and extracellular conditions. Then, the dissertation pro-
poses a chemical perturbation of F10 that results in higher structural stability in the
presence of certain salts. Finally, the work concludes with an investigation into a highly
specific delivery mechanism for F10, which would increase its effectiveness at targeting
cancer cells while further decreasing its effects on healthy cells, including suggestions for
future investigations.
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Chapter 1

Frustration and discovery

1.1 Bias and uncertainty

As I was getting to know the field of biophysics in the first two years of work on this
dissertation, I became frustrated. I found that while visualizing biopolymer struc-
tures seemed was key to gaining intuition and communicating findings almost all
visualizations I came across were wrong. They portrayed proteins and nucleic acids
as these static structures. Since the crystallography work by Austin et al. in 1975 on
myoglobin1,2,3 there is widespread understanding that proteins exist in statistical en-
sembles of states rather than static conformers, with similar understandings emerging
for biopolymers in general4,3,5,6,7. Displaying single structures without some indica-
tion as to the variance in the distribution those structures represent at best leaves it
to the reader to imagine an ensemble and at worst deceives a reader into believing
that there is a single state in which the molecule exists4. This is the first problem I
set out to solve, and my solution is presented in chapter 3.

Beyond conveying uncertainty, I also found frustrating the methods preferred in
the field for selecting what structures to show. For example, if a protein undergoes
some structure-altering process, how can someone tell how many distinct steps there
are and decide which structures represent these steps. The typical way of making
such decisions is to bin data into groups based on some similarity metric8,9,10,11,12.
For example, clustering methods take a set of samples (frames in the MD context) each
with some number of features (atomic coordinates, dihedral angles, etc.) and assigns
a label (cluster number) to each sample such that samples with the same label are
similar while samples with different labels are dissimilar. This vague notion of similar
is usually determined – directly or indirectly – by parameters specified by the user.
Such a parameter might be the desired number of clusters (e.g., K-Means13,14,15), the
diameter of a cluster (e.g., Quality Threshold16) or how sharply peaked the Gaussian
distributions within the data are believed to be (e.g., Mean Shift17). A discussion of
how such clustering methods have been applied in molecular dynamics in particular
can be found in section 2.4.2 (“Clustering: Searching Conformation Space” of chapter
2 However, parameter selection for these algorithms requires some a priori knowledge
or trial and error from the user – a requirement that can be prohibitive when initially
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exploring a trajectory. In 2007 Shao et al. presented a critical review of clustering
algorithms applied to MD, discussing the bias introduced by parameter selection18.
To address such bias, in chapter 4, I introduced the field of biophysics to two non-
parametric clustering methods – HDBSCAN19,20 and Amorim-Hennig21,22 – originally
developed for event detection and database analysis, showing these methods provide
excellent first-pass bins.

In chapter 6, I provide further validation of these bins, showing they approxi-
mately match a system’s free energy wells. I also propose in this chapter that for
some macromolecular processes the supervised machine learning analysis method of
creating decision trees aide in simplifying complex data on the interactions among
protein residues. This project also represented further exploration of custom visual-
ization methods for biopolymer ensemble data. This work continued as I provided a
method to greatly simplify correlated motion data and display it on macromolecular
structures in chapter 5.

My final frustration deals with knowing how much sampling is enough, particularly
in the context of MD simulations. What level of sampling is sufficient in molecular
dynamics (MD) simulations is a recurring, open question (see for example23,24,25).
Especially when limited by computational resources, a choice often must be made
between running few long-timescale simulations to capture rare conformations and
slow events or running many short simulations for stronger statistics. In chapter 7, I
present two tools that will aid researchers in this decision.

1.2 F10: a story of rational drug design

Understanding the effectiveness of and designing delivery mechanisms for therapeu-
tic nucleic acids requires understanding structural, kinetic and chemical properties
that allow such polymers to promote the death of cancerous cells. One molecule of
interest is a 10mer of FdUMP (5-fluoro-2-deoxyuridine-5-O-monophosphate) – also
called F10. In this latter half of my dissertation, I discuss the application of the
machine learning techniques discussed above to the ongoing drug discovery project
that is F10. This therapeutic oligomer represents the culmination of over 60 years of
rational drug design, starting with the development of 5-fluorouracil (5-FU) [Heidel-
berger et al. 1957], leading to the development of multiple delivery systems for this
fluoropyrimidine, which paved the way for the development of F10. Compared to the
original 5-FU, F10 is demonstrably more efficacious as a cytotoxic therapeutic, and
better tolerated in vivo than the widely used 5-FU. That is, F10 is better at killing
cancer but worse at killing people.

My work with F10 proceeds first with the historical development of F10 and
our understanding of its cytotoxic mechanisms of action in chapter 9 followed by
an atomic level investigation of its kinetic and structural properties. I begin by
reproducing previous experimental results in silico, leading to a specific, detailed
ordered of events for F10’s zinc complexation in chapter 10. Having reproduced –
and explained at an atomic level – these experimental results, I proceed to predicting
F10’s in vivo structural and kinetic properties in both intracellular and extracellular
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conditions in chapter 11. Then, in chapter 12 I propose a chemical perturbation of
F10 that results in higher structural stability in the presence of certain salts. Finally,
in chapter 13 I conclude with an initial investigation into a highly specific delivery
mechanism for F10 and suggest future investigations.

1.3 Preliminary technical details

Unless otherwise noted, all protein simulations were run under the isothermal-isobaric
ensemble (NPT) and all nucleic acid simulations were run under the canonical ensem-
ble (NVE) in ACEMD26. Damping via a Langevin thermostat27 maintained target
temperature of 300 K via a damping coefficient of 0.1. A Berendsen pressure piston28

held all systems at roughly 1.01325 Bar using a relaxation time of 400fs. Hydrogen
mass repartitioning allowed for 4fs time steps in our production runs. We applied
a 9Å cutoff and 7.5Å switching distance for VdW and electrostatic forces, calculat-
ing long-range electrostatics with a smooth particle mesh Ewald (SPME) summation
method29,30.

Simulations were run on Titan GPUs in Metrocubo workstations produced by
Acellera. All systems were solvated in explicit TIP3P water31, using VMD’s32 “Add
Solvation Box” feature. The CHARMM27 forcefield parameters used here are based
on interaction energies of small model systems calculated by quantum mechanics
computations and direct experiment33,34,35. Additional details are provided with each
system discussed in the relevant chapter.
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Abstract

Molecular dynamics simulations of biomolecules, proteins especially, have emerged as
an important tool for discerning detailed biomolecular features including conforma-
tional change, flexibility, and dynamics. These simulations, especially when combined
with virtual screening, have become an increasingly useful a tool in drug discovery.
Herein, we cover the basics of molecular dynamics simulations to guide the reader in
the skills necessary to intelligently conduct simulations of their own and ultimately
use those results to make hypotheses about the links between dynamics and conforma-
tion and between structure and function. We also discuss the integration of molecular
dynamics and virtual screening, so that a reader could use the results of simulations
to perform virtual screening for lead identification. Finally, we review several case
studies to show how molecular dynamics simulations have proven biomedically help-
ful in early drug discovery phases and we highlight emerging tools which may prove
useful in the near future.

2.1 Introduction

Molecular dynamics simulations of biomolecules have been developed since the late
1970s and early 1980s1 in order to harness the emerging power of computers to study
the motions of proteins and other biopolymers, as well as to study the interactions
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of these biomolecules with small molecules, such as potential drugs. These compu-
tational techniques often complement experimental techniques such as Nuclear Mag-
netic Resonance (NMR) spectroscopy and X-ray crystallography. Observing dynamics
or obtaining ensembles of conformations using these methods can be difficult. How-
ever, these experimental techniques often provide highly accurate structural infor-
mation that computational methods can use as starting points to study biologically
important molecules such as small molecule ligands, DNA, RNA and proteins. In
particular, Molecular Dynamics (MD) simulations provide a method to examine, in
atomic detail if necessary, the kinetics and thermodynamics of important biomedical
systems.

Since all-atom molecular dynamics simulations require the integration of New-
tons equations of motion of each atom, usually including solvent and solvent ions,
over short time-steps, typically on the femto-second timescale, these simulations can
be rather computationally demanding. However, the growth of computer power es-
pecially in the late 1990s and early 2000s enabled these methods to be particularly
predictive in studying protein dynamics, such as in investigating the impact of protein
motions on catalysis and ligand binding2,3,4. The latter studies have been especially
influential as they have required considerable discussion of the interplay of confor-
mational change, such as changes in active site geometries in DHFR2 or metallo-
beta-lactamases3 and coupled protein fluctuations4, which show that within a single
protein conformation, long-range coupling networks exist and are sensitive to inter-
actions with different ligands.

Even more recently, molecular dynamics simulations have proven useful in study-
ing larger biological systems and in aiding in the drug discovery process by providing
a predictive complement to experimental methods, contributing predictions for dy-
namics and structures not easily observed in vitro or in vivo. Such predictions are
useful in pharmacology for understanding the interactions of drug candidates with
biological systems on an atomic scale.

Molecular dynamics simulations also prove useful when considering proteins as
ensembles of conformational states5,6,7,8,9,10, as simulations explore ensembles and
output large collections of structures, which sample the conformations that occur.

In part, the notion of generalized allostery (how a protein changes conformation
upon a binding event, for example) comes out of the conceptualization of proteins
as ensembles of states and the understanding of conformational changes occurring
due to long-range coupling networks9. If under certain conditions all proteins are
indeed allosteric, it is possible to design drugs that will bind to allosteric sites. Such
binding would force the protein into a certain conformation – or specific ensemble of
conformations – thereby regulating the dynamics and interactions of the protein9,11.
However, for any given protein, an appropriate ligand and corresponding binding
site to induce the desired structural change must be found. This type of search is
one for which molecular dynamics simulations are well suited. Much of the relevant
scientific work in the 2000s was reviewed a few years ago12. This chapter serves a
few purposes. First, it expands upon and updates that previous review, especially
in light of the tremendous improvements in computational algorithms and hardware,
such as GPU-enabled computing. Second, we describe the minimum theoretical and
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technical details necessary for setting up, executing, and analyzing MD simulations
so that any who are interested in participating in computer-aided drug discovery may
have the tools necessary for doing so.

2.2 Basics of Molecular Dynamics

2.2.1 Structures

The minimum structural information required to start a simulation is:

1. A list of all atoms involved in the simulation

2. Initial coordinates of these atoms

For a given system, with fixed protonation states (no gain or loss of covalently
bound hydrogen atoms), there is only one possible list of atoms; however, there are
infinitely many possible initial coordinates. Of course, most of these combinations
would have enormous energy and would be negligible members of the real, physi-
cal ensemble. To achieve realistic results, a physiological initial state needs to be
considered. Folding a biopolymer from an unfolded state can rarely be achieved
straightforwardly–the time scales are still too long–except for the smallest systems.
Therefore, simulations usually start in a folded state; the set of coordinates that
likely correspond to a minimum free energy state. Online databases–e.g., the protein
databank (RCSB PDB–with 136,775 structures as of 1/10/18), which collect struc-
tures from X-ray crystallography and NMR spectroscopy13 – are the normal sources
for such initial structures. It is also possible sometimes to model the initial atomic
coordinates based on the structure of other proteins with similar sequences via ho-
mology modeling14. The extent to which this is accurate of course depends on how
close the unknown protein is to the known proteins, which is generally not known.
As such, simulations almost always start from structures obtained from the RCSB
protein databank. A promising development that could have impact in the near fu-
ture is the possibility of building up structures from a type of quantum mechanical
method known as Density Functional Theory (DFT). Variants of this method have
proven useful in materials science and computational chemistry15.

2.2.2 Force Fields

Force fields are the potential energy functions used to calculate the accelerations of
the atoms and subsequently update the coordinates and the velocities at each step
of the simulation. This parameterization of the energy surface of a protein or other
biopolymers is conceptually straightforward, but complicated in practice. In principle,
the energy surface of even a small protein has 100,000s of dimensions even without
solvent. However, since the aim is to simulate the dynamics of connected and folded
proteins, this surface can be simplified using conventional terms from chemistry, such
as bonds, angles, dihedrals, and other terms related to chemical connectivity, and
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long-range interactions as modeled by van der Waals interactions and electrostatics.
Among the many force fields that exist, the most popular families of force fields
include CHARMM16, AMBER17, and GROMOS18. The energy equation from the
CHARMM 27 force field is shown in Equation 2.1, where V is the total potential
energy.

V =
∑
bonds

kB (b− b0)2 +
∑
angles

kθ (θ − θ0)2 +
∑

dihedrals

kφ [1 + cos (nφ− δ)]

+
∑

impropers

kω (ω − ω0)
2 +

∑
UB

ku (u− u0)2

+
∑
i>j

εij

[(
Rminij

rij

)12

−
(
Rminij

rij

)6
]

+
∑
i>j

qiqj
4πε0εrij

(2.1)

Many of the bonded interactions are effectively modeled as simple harmonic oscil-
lator potentials, including bonds, angles, the Urey-Bradley term, and impropers, i.e.,
the first, second, fourth, and fifth terms in Eq. 2.1. In each of these terms there are
force constants that control the stiffness of the bonds, angles, impropers, and Urey-
Bradley terms. In principle, every single such interaction can have its own minimum
and force constant, but in practice there is a great deal of similarity. Bonds, the first
term, are 1–2 interactions that occur between all atoms that are directly connected
via chemical bonds. Angles, the second term, are 1–3 interactions that occur between
all atoms that share a common bonded atom. The impropers, the fourth term, are
1-4 interactions that occur between atoms that share common angles. They occur
between some atoms, those in which dihedrals are insufficient to constrain the tor-
sional angle. The Urey-Bradley term, the fifth term, is a 1-3 interaction energy, i.e.,
an interaction between atom pairs that share a common bonded angle, that some
atom pairs have and is designed to control angle-bending for particularly stiff angles.
Dihedrals, the third term, are 1-4 interactions between all atoms that share common
angles and are modeled with a cosine approximation. The last two terms are the
non-bonded interactions, and are modeled via the Lennard–Jones potential and the
Coulomb potential, where every atom pair that does not occur in a bond, angle, or
dihedral, possesses these long-range interactions. The nature of the 1

r
Coulomb po-

tential is a long-range interaction, and is computationally limiting, since it does not
go rapidly to zero as the Lennard–Jones potential does over longer ranges. However,
methods have been developed to approximate the Coulomb potential accurately over
longer ranges, such as the particle mesh Ewald method19.

Although force fields are complicated approximations, these models are constantly
being vetted and compared to experiment to improve the force field parameterization
for proteins, nucleic acids and lipids. The force fields have been refined over the
years to correct issues where, for example, AMBER over-stabilized alpha-helices20,21

or CHARMM tended toward pi-helices22. There is little consensus to suggest that one
force field is better than the rest for protein simulations, and simulations performed on
the same structure with different force fields generate consistent results, for example
ref.3 vs refs.4 and23. The success of these force fields has been recently highlighted
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when Martin Karplus, Michael Levitt, and Arieh Warshel won the 2013 Nobel Prize in
Chemistry “for the development of multiscale models for complex chemical systems”24.

2.2.3 Simulation Programs

Various simulation suites exist and the most popular include NAMD25 , CHARMM26,
AMBER27, and GROMACS28. These suites share common basic features but vary
in their capacities and underlying philosophies.

The most user-friendly of these suites is NAMD, built upon C++ and TCL pro-
gramming and scripting languages, but has the least functionality. However, it con-
tains all the functionality needed for all-atom simulations. Conversely, the most ver-
satile package is CHARMM, but it comes with a steep learning curve, and resembles
a Fortran-based language. GROMACS is the only one of the four suites that is open
source, and has been converted from its original FORTRAN implementation to C. Of
these four packages, NAMD is the most capable of performing large, classical all-atom
simulations on CPUs, and has been used to simulate particularly large proteins and
protein complexes4,29,30. GROMACS has the advantage of a large number of external
tools for trajectory analysis; it is generally the second-fastest. CHARMM is the most
flexible for analysis and for performing different simulations. For the simulations
described in this chapter while running on CPUS, arguably the “best” combination
would be to use NAMD to run simulations and CHARMM for analysis, while using
GROMACS for both simulation and analysis would be a close second. However, over
the last few years, GPU-enabled codes have emerged, especially ACEMD31, which is
similar to NAMD in its functionality. Until and unless other suites emerge that are
as GPU-enabled, the ideal simulation technology at present is ACEMD on GPUs.

2.2.4 Running a Simulation

Given a particular biomolecular system of interest and a simulation package, the next
step is to set up the simulation parameters. Many of these are default configuration
parameters that should be understood.

First, a choice needs to be made as to which thermodynamic ensemble should
be approximated. Since the isothermalisobaric (NPT) ensemble has the Gibbs free
energy as its thermodynamic potential, and usually corresponds to experimental con-
ditions, this is currently the most common ensemble to simulate. Simulating the NPT
ensemble requires using a thermostat and barostat to approximate constant tempera-
ture and constant pressure respectively. Simulation packages typically offer the option
to run other ensembles, minimally the canonical (NVT), and microcanonical (NVE)
ensembles. Although it seems logical that one would simulate in the NPT ensemble
for best agreement with experiments, it is not clear how different simulations are in
these various ensembles.

To best represent physiological conditions, water molecules and ions that surround
biomolecules in vivo are either explicitly or implicitly modeled in simulation; this is an
important enough topic to warrant its only section below. In the most common case
of explicit solvent and ions, periodic boundary conditions are implemented and then
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long-range electrostatic interactions are approximated using a particle mesh Ewald
summation method with Fast Fourier transforms32.

Embedded in each simulation code are numerical integration methods that are
used to update the positions and velocities of each atom in the system from the ac-
celerations determined by the force field for each simulated atom at each time-step.
This time-step, or interval over which the forces are considered constant, and which
determines how often configurations change, is an important consideration. If the
time-steps are too small, computer time and disk space will be wasted. If the time-
steps are too large, the simulation is no longer energy conserving and accuracy will
suffer. However, simulation packages typically have good default choices of integra-
tors, such as velocity Verlet33 with time-steps of 1-2fs.

After the simulation has been set up, usually a brief minimization is performed
to remove any clashes between atoms. Post-minimization the system is simulated for
a given number of time-steps, depending on the timescale necessary to address the
biomedical problem as well as the computational power available. With current GPU-
enabled codes, simulations on the 100s of nanosecond to microsecond timescale are
feasible depending on system size and patience of the user. Also, typically multiple
simulations are performed where each atom starts with a different random velocity,
taken from a Boltzmann distribution, to allow for better coverage of phase-space.

2.3 Solvation Techniques

In order to accurately simulate biomolecules, it is imperative to recreate the local
environment as best as possible. As such, biomolecules are simulated in an aqueous
environment to approximate physiological conditions. Modeling solvation is impor-
tant, as it has been shown that solvent fluctuations can be directly related to protein
motions34,35. Additionally, the layer of water surrounding the biopolymer, i.e., the
water molecules closest to the sample, has properties different than that of the bulk
solvent36. It is clear that solvent interactions are critical to properly functioning
biomolecules,and when simulating such systems, the choice of solvent approximation
is an important issue. There are two main approaches to simulating solvents, with ex-
plicit or implicit solvent, and many models within each implementation. While none
of these is perfect, some are advantageous particularly dependent on the simulation
in question.

An explicit solvent is exactly that, including a box composed of an oxygen bound
to two hydrogens, each with updated coordinates and velocities calculated at each
time-step. These models are often characterized by the number of site interaction
points considered and go from 2-site models up to 6-site models. TIP3P and TIP4P
are common 3 and 4-site models, respectively37,38, that have been studied exten-
sively39,40.

The simplest explicit water models assume rigid bonds and only calculate non-
bonded interactions including van der Waals and electrostatic interactions. In many
explicit models, water bonds are maintained via the SHAKE algorithm, in order to
speed up calculations as these bonds are typically not interesting, yet are of high
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frequency41.
Because explicit solvents can handle representative motions at a global and local

scale, they are often preferred. Alternatives include implicit solvent approximations in
which the electrostatic properties of the water are calculated approximately without
including the explicit presence and motion of water molecules. This reduces the com-
putational expense by removing explicit water atoms. Various implicit solvent mod-
els have been compared42,43,44, and Generalized Born (GB) models22 show the most
promise of the implicit models42,43. The struggle is to reproduce the solvent behavior
consistent with experiment, and while there has been some success22,23, comparison of
the TIP3P water model to GB implicit models show an over-stabilization of secondary
structure in implicit solvent models over explicit solvent models. Namely, it has been
shown that alpha-helices are over stabilized in GB models over TIP3P20, and ion
pair interactions are sometimes over stabilized leading to the trapping of molecules
in nonnative states45. Overall, implicit solvents reduce computational time, yet they
pay a penalty in accuracy. However, explicit solvents, while generally more accurate,
require additional computer resources. In the era of GPUs and parallelization of
calculations, explicit models are preferable when possible, due to their accuracy.

Regardless of the solvation technique, in order to model in vivo or in vitro condi-
tions, ions need to be added to the simulation. If the ions exist in the X-ray structure,
then they can be added in explicit in the positions in the structure, as such ions are
likely to be structurally important. Otherwise, there are automated processes for
doing so in software packages such as VMD46, which place sufficient ions randomly
in the water box to match conditions desired; such as 0.15 M ionic strength with
NaCl as is common to match experiment conditions, or just sufficient Na+ or Cl− to
neutralize the protein system.

2.4 Analysis Methods

Once simulations have been performed, they must be analyzed to check their valid-
ity and also to extract useful information. Since the results of a simulation are the
coordinates of all the atoms in the system simulated over the timescale of the simu-
lation, a wide variety of analysis methods can be applied to extract virtual any type
of structural and provide the most dynamical information. Below, the most common
– and typically the most useful – of these analysis methods are discussed.

2.4.1 Simulation Check – Structural Relaxation

Given that simulations can run from hours to months depending on the system size
and timescale desired, performing energy and structural checks shortly after starting
a simulation minimizes time wasted on unstable or improperly setup simulations. If
a simulation log file has been configured to report energies, the user can read out the
energies after a relatively small number of time-steps to see if the energies reported
are reasonable. Similar checks can be performed on the pressure and temperature,
which should be relatively constant for biological systems and fluctuate around the
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Figure 2.1: All-atom MD simulation of a Zinc-Finger structure has a 100 ns equili-
bration phase.

values set for the thermostat and barostat (usually 300 K and 1atm, although 310
K can be used to better match physiological conditions). As an additional validity
check, a user can calculate the Root Mean Square Deviation (RMSD) of a subset of
the simulation‘s atoms. This measure quantifies how much the polymer of interest
has changed from a reference structure over time. Such checks allow a user to judge
the physical reasonableness – relative to the system and thermodynamic ensemble
chosen – of a simulation12. The reference structure is usually the initial structure
that has been obtained from experimental work, in order to gauge the stability of
the simulation and structure itself. Beyond understanding how realistic a simulation
is, measures of energy, pressure, temperature and RMSD versus time are indicators
of a successfully equilibrated system. An initial period of rapid change followed by
relative stability with small fluctuations around a mean value indicates a successfully
equilibrated system. For example, in Figure 2.1, there is a rapid growth of RMSD
in the first 100ns. Afterward, the system reaches an equilibrated state with small
fluctuations around a mean of about 5Å .

This RMSD measures the average difference of all selected atoms from one frame
to the next via

RMSD =

√√√√ 1

N

N∑
i=1

(ri − r′i)2 (2.2)

where N is the number of atoms in the selection, ~ri is the position vector (x,y,z) of
the atom at a time t, and ~r′i is the position of the atom in the reference frame. Before a
meaningful measure of RMSD (or any other quantity that depends on translational or
rotational differences in position) can be made, the atoms of interest in the trajectory
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must first be aligned to some reference structure so as to remove the overall motion
of the protein. Without this alignment, conformational changes will be conflated
with rigid body motions of the protein that is the diffusion and overall rotation of
the entire protein that occurs during the simulation. To align the atoms, analysis
software, such as VMD or scripts in CHARMM or GROMACS, minimizes the RMSD
of selected atoms between a reference structure and every frame in the trajectory
using only rigid-body rotations and translations. This alignment focuses the analysis
of protein conformations and dynamics.

2.4.2 Clustering: Searching Conformation Space

Given that simulations can run from hours to months depending on the system size
and timescale desired, clustering analysis simplifies the comparison of structures out-
put from an MD simulation by classifying thousands to ten thousands of frames into
a smaller taxonomy with representative conformations. Figure 2.2 shows how finely
these clusters can distinguish structures from simulations, while still reducing the
complexity from, in this case, the structural information contained in a microsec-
ond scale simulation to just 50 representative structures along with how often these
structures are sampled. Two of these are depicted in Fig. 2.2 for illustrative purposes.

The clusters are defined by their size in a parameter space – typically pair-wise
RMSDs between structures – so that clustering effectively partitions configuration
space. Algorithms for deciding what conformations fall in a given cluster come in two
categories, hierarchical clustering and non-hierarchical clustering. The method for
determining the distance between clusters distinguishes algorithms within each cate-
gory. Hierarchical clustering methods partition the conformation space into a tree by
iteratively connecting neighboring elements in a dataset. Selecting a level at which
to divide the tree forms clusters. Hierarchical clustering, Fig. 2.3, is simple and fast
since once an element of the dataset has been placed in a cluster it is ignored for the
remainder of the clustering process. Slower, non-hierarchical methods optimize each
cluster based on some desired parameters set by the user. Nonhierarchical clustering,
Fig. 2.4, allows for moving data among clusters as part of the optimization process,
making them slower than their hierarchical counterparts47,48. Nonhierarchical, iter-
ative methods are implemented in two popular analysis software packages, VMD46

and CHARMM49.
VMD uses a Quality Threshold (QT) clustering algorithm47. The method begins

by assembling a cluster based on every element in the dataset. For example, if an
MD trajectory contains 10,000 frames, the first iteration of the QT algorithm will
have 10,000 clusters. In this iteration the Nth cluster begins with the Nth frame and
is compared with all other frames, regardless of whether those frames have already
been placed in another cluster. The frame that causes the smallest increase in cluster
diameter is accepted into the group. This process is repeated for the Nth cluster
until no frame can be added without taking the cluster diameter past the threshold
specified by the user. At the end of this iteration, all frames in the largest cluster
are removed from consideration. This largest cluster is now fixed, and the process
iterates until either no frames remain or the number of fixed clusters equals a target
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Figure 2.2: Two representative structures of a 10-residue FdUMP chain show small
conformational differences between some clusters. From the red to the blue represen-
tative, F10s termini have spread apart.
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Figure 2.3: Once all data points are grouped in the clustering tree, a cutoff distance
is chosen. Any lines that join at a distance equal to or greater than the cutoff distance
are clustered; all other lines are unclustered. Row values are the representative cluster
numbers.
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Figure 2.4: Non-hierarchical clustering interactively searches for partitions within
conformation space that minimize the distance between clusters in each partition.
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number of clusters set by the user. In the latter case the remaining frames are
simply left unclustered. In VMD specifically, if M is the target number of clusters,
all unclustered frames are labeled as cluster M + 1. CHARMM uses the ART-20
clustering Algorithm, which is based on a self-organizing neural network50,51. Similar
to QT, this algorithm optimizes each cluster based on a constrained cluster radius.
However, ART-20 starts with one cluster rather than the largest possible number of
clusters. The first of two phases in the clustering determines the number of clusters
and their respective centers. To begin, ART-20 selects the first frame of the trajectory
as the center of a single cluster. Then, the Euclidean distance to each (in the space
of the user-selected cluster parameter) frame is calculated. If the distance from the
cluster center to a conformation is within the cutoff radius, that frame is added to the
cluster and the cluster center is recalculated before comparison with the next frame.
If the distance is outside the cutoff radius, the rejected frame is assigned as the center
of a new cluster. The second phase of clustering is still done with Euclidean distance
but is performed in multiple iterations; furthermore, at each iteration, the number of
clusters and cluster centers are fixed. Once all frames are assigned to a cluster in a
given iteration, the cluster centers are recalculated. Finally, the clustering assignment
process is repeated. This cycle of the second phase continues until no changes occur
between iterations. An obvious pitfall of this method is that the order of the frames
influences the cluster assignment. Therefore, the user may wish to check the stability
of the clusters by doing a second round of clustering with a randomized frame order48

Regardless of the clustering method used, the user must set input parameters
based on some analysis criteria based on user preference. For example, when using
VMDs RMSD clustering method, a cutoff distance and number of clusters must be
set. These parameters should be chosen in such a way that balances the number of
frames placed in clusters and the number of clusters themselves. Obviously, if the
number of clusters is set to the number of frames, the user is guaranteed that all
frames will be clustered. However, no information is gained in this example as the
point of clustering is simplifying the analysis of the trajectory. To this end, the user
may first decide a reasonable number of clusters, e.g., 50, to analyze and then adjust
the cutoff parameter to minimize the number of unclustered frames. The strategy in
that case is to begin with a low cutoff, e.g., 2Å , and gradually increase it until the
point when either VMD reports fewer clusters than the number desired or an increase
results in no or a very small change in the number of unclustered frames. Such a
procedure balances approximations, but not requiring a large number of clusters to
analyze while including as much of the simulation data available for in clusters for
further analysis.

2.4.3 Markov Analysis

In addition to identifying representative structures of clusters, such as those in Fig.
2.2, plots of cluster vs frame, Fig. 2.5, can show the transitions among states. In
this representation it is easy to identify long-lived states and to find the populations
of different conformational states. However, it is also easy to miss short-lived stable
states, and it is difficult to accurately see the transition states by eye. Accessing
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Figure 2.5: During a 16-s all-atom MD trajectory, a 10-mer of FdUMP cluster
analysis shows there is a preferred, low energy state with frequent transitions to
higher energy states

these transitions requires reconstructing the kinetics of the system, a task for which
Markov State Models (MSMs) are well suited.

MSMs are network models that convey the rates of transition among states. These
models typically assume the system is memoryless, though they can be generalized to
systems with memory. For example, a memoryless process is a Markovian process of
order 1. In this case, the state of a system at time-step N depends only on the systems
state at the previous time-step N − 1. To generalize to include memory, one uses a
Markovian process of order M . In this case, the state of the system at time-step N
depends on the systems state at time-steps N−M , N−(M−1), ... and N−1. Using
these models requires defining states based on physical parameters, typically based on
RMSD. For example, a state might consist of all structures within 2Å of each other. In
this case, these states are taken from clustering analysis. These Markov models also
allow for further simplifications based on kinetic definitions of macrostates, which are
combinations of microstates. A macrostate might be all microstates that transition
among each other in less than 20ps. Once these states are defined, it is possible to
apply statistical mechanics to estimate various thermodynamics quantities, such as
the free energy of a macrostate using kT log(P ) where P is the population of the
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Figure 2.6: Whenever this FdUMP polymer enters cluster 1 (blue in Fig. 2.2), it is
90% likely to remain there during the next time step (in this case 5ns). This molecule
frequently transitions from cluster 5 to cluster 2 and cluster 9 to cluster 2

states contained in a macrostate.
Recently, software packages for assisting in dynamics-based clustering and con-

struction of MSM have been developed. Two such packages are EMMA52 and MSM-
Builder253. The latter software package has a companion application, MSMExplorer,
for visualizing MSMs54.

A convenient way to convey the information in a MSM is with a rate matrix and
heat map thereof, Fig. 2.6. There are three primary steps in the construction of such
a matrix for an MD trajectory. First, order clusters by their corresponding frame
number. This sorted list is called a Markov chain. Next, count how often state i
is followed by state j where both i and j run from 1 to the number of macrostates.
Finally, place those counts in A, which is an M × M matrix, where M is the number
of states, and normalize each row so that it sums to unity. Now, the matrix is read
“when the system is in state i, the probability it will transition to state j in the next
time-step is Aij. Using Markov State Models in this fashion quickly reduces the task
of analyzing the kinetics of thousands to billions of conformations to reading an M×
M matrix, where M is much smaller than the number of frames in the trajectory.
More details on such modeling are beyond the scope of this review, but a simple yet
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comprehensive review of them has been published55.

2.4.4 Analysis of Protein Motions and Dynamics

Clustering combined with Markov analysis provide information about the configu-
ration space accessed by a biopolymer during the timescale, typically nanosecond
to microsecond, of the MD simulation. Markov analysis also provides information
about kinetics via quantifying transitions between configurations. However, there is
additional information contained in a simulation, including information about protein
motions through analysis of dynamics via examination of fluctuations.

Dynamical studies of protein motions are important in understanding regulation
and function of a cell. Naturally, cellular function is an extremely active process
requiring a myriad of properly functional components. To use this information for
predictive purposes, it behooves us to have some knowledge of the motions that dic-
tate proper function and understand how physical laws drive motions. Simulations
provide enough insight to hypothesize the important functional processes, as con-
formational changes have helped to identify drug targets, for example. Mechanisms
such as protein–protein and protein–surface interactions have recently gained more
traction in the drug targeting process56.

Understanding how protein motions are affected by ligand binding and the im-
pact that may have on proper function of a biomolecule suggest the importance of
dynamics in the drug discovery process57. However, there is a great deal of remaining
investigation of the dynamics of protein, DNA, and RNA interactions, and dissecting
these dynamics may yet inform the development of therapeutics.

Studies suggest that conformational changes at one site of a protein, for example,
affect distant regions of a protein and its ability to bind properly, despite no notice-
able changes in the binding region58. This form of general or hidden allostery is a
dynamical component often overlooked in the drug discovery process9 and is proving
useful in predicting functional molecular mechanisms59.

2.4.5 Root Mean Square Fluctuations

Root mean square fluctuation (RMSF) is a useful analysis tool to examine the be-
havior of a protein with atomic precision across the whole trajectory by measuring
the average mobility of each atom in the simulation. RMSFs are a measurement
of time-averaged fluctuations from a reference frame, typically the first frame. The
RMSF is a useful estimation of the rigidity of various parts of the biomolecule, with
higher RMSF indicating a more flexible region. Values are typically on the order of
a few to tens of Angstroms and are calculated using the following equation,

RMSF =

√√√√ 1

T

T∑
tj=1

(~ri (tj)− ~r′i)2 (2.3)

Where ~ri is the x, y, z coordinates of the atom, for example, and ~r′i is that of
the reference structure, generally the average structure which is in most cases non-
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Figure 2.7: A plot of RMSF for each alpha carbon for four different timescales of
simulations showing variation in flexibility on a residue basis. The data here is from
an MD simulation of the NEMO zinc finger == structure from ID 2JVX from the
RCSB Protein Data Bank (PDB).

physical. T is the total number of frames, and i represents the index over atoms
and j represents the index over time. Figure 2.7 provides an example of RMSFs
for a small 28-residue zinc finger, NEMO60. In this example, the flexibility of this
protein is studied over different timescales, and surprisingly for such a small protein,
the flexibility was radically increased on longer-time scales. The RMSF plots also
show changes in flexibility along the protein backbone, indicating regions of increased
flexibility and regions of increased rigidity.

2.4.6 Covariance and Correlation Analysis

Whereas RMSFs provide information about flexibility at the atomic level, they pro-
vide no information about coupled motions. Covariances, or their normalized counter-
parts, correlations, however, provide an indication of coupled dynamics by indicating
what parts of the system show correlated motions; these could be motions in the same
direction, in the opposite directions, or most often, uncorrelated motions61. Covari-
ance analysis is a useful technique for detecting the motions of a protein that might,
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for example, be responsible for a particular interaction, or to elucidate long-range
interactions within a sample that may be responsible for allosteric regulation or other
functional behavior. If ri and rj are position vectors of two atoms in the sample, then
the covariance is calculated using

C̃ij =
N∑
α=1

(rαi − 〈rαi 〉) ·
(
rαj − 〈rαj 〉

)
N

(2.4)

Here N indicates the total number of frames and alpha is the index over each
frame of the trajectory. These covariances are then typically normalized into cor-
relations by dividing by the square root of the product of C̃ii and C̃jj, so that the
diagonals are one; an atom always fluctuations with itself. In the molecular dynamics
literature, correlation matrices, (e.g. Fig. 2.8), are often referred to as covariance
matrices, where they should properly be referred to as correlation matrices. The
difference between the two is that a covariance matrix has not been normalized so
that the diagonal elements are one, whereas a correlation matrix is a normalized ver-
sion of the covariance matrix. Such correlation matrices aka normalized covariance
matrices are useful in extracting the essential degrees of freedom often hypothesized
responsible for the primary function of a system62. Additionally, entropy estimates,
and subsequently heat capacity, can be derived from the covariance matrix using har-
monic approximations63,64. Figure 2.8 provides an example of correlations for the
alpha carbons a small 28-residue zinc finger, NEMO60. In this example, there are
some unsurprising covariances, those within the secondary structural elements, the
beta structure (residues 5–12), and the alpha helix (residues 16–24), but also shows
correlated motions between the beta sheet and portions of the alpha helix, and anti-
correlated motions between the beta-sheet and the loop connecting the helix and the
sheet., c.f. Fig. 2.9 for the structure of NEMO. Whether these are due to zinc binding
is a subject of further study, but this illustrates that non-trivial covariances can exist
in even small proteins, and provides an example of the sort of information available
from correlations plots, even by just visual inspection.

2.5 Small Molecule Docking

The analysis tools discussed so far provide information about the conformations,
fluctuations and dynamics of a protein or other macromolecular system. Clustering
and Markov analysis have particular uses also in syncing with small molecule docking
for lead generations. Protein flexibility is a challenge for molecular docking. Rather
than allow docking software to simulate small conformational changes, it is often more
efficient to use MD software to assemble an ensemble of structures as initial structures
for docking studies, since simulations of polymer flexing are squarely in the realm of
MD. Once these conformations are selected from an MD trajectory, each one can be
used as a starting structure for small molecule docking, for which there are multiple
efficient software packages65,66,67,68,69,70,71,72.

One such docking software, arguably the most efficient, that is popular in a wide
variety of uses is AutoDock73,74. In 2004, an open source generation of the software
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Figure 2.8: Alpha carbon covariances for the same 28-residue zinc finger protein,
NEMO, as in Fig. 2.7, as simulated on the microsecond timescale.

Figure 2.9: Cartoon drawing of NEMO. Based on the ID 2JVX from the RCSB
Protein Data Bank (PDB). The alpha helix in magenta, the beta sheet in yellow with
the zinc in vdW representation in green. The binding residues of the zinc are in a
bonded representation.
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was releasedAutoDock Vina75. Previous generation software focused on analytic ap-
proaches to docking. For example, AutoDock 4.2 calculated free energies of asso-
ciation for bound conformations using an empirical force field, Lamarckian Genetic
Algorithm76, and explicit modeling of side chains in receptors77. While AutoDock
Vina maintains some of these strategies, the energy function has been refined using
machine learning and the PDBbind database78,79 of known binding affinities. The
key advantage of AutoDock Vina is the calculation of both a scoring function and
the gradient thereof. By calculating the gradient, the software knows which direc-
tion the next iteration of the search should move a given local set of atoms75,80,81,82.
As a result, AutoDock Vina is far faster than previous software packages, while still
retaining considerable precision.

In order to use docking software for identify potential lead candidates for drug
discovery, ligand libraries must be used. While a small ligand library could be hand
constructed using common molecular drawing and export software, a strategy to
take advantage of the strength of molecular dynamics and of virtual screening would
be to use a large general screening library of ligands. These can be obtained from
various online chemical databases such as BindingDB83, ChEMBL84, DrugBank85,
PubChem86, TCM Database@Taiwan87, and ZINC88,89. This last database, ZINC, is
arguably the best for general purpose docking and was originally developed with drug
discovery in mind and has kept that focus while growing to sample 34,000,000 unique
molecules from 134 commercial and 36 annotated catalogs. The attempt is to have a
library of all commercially available compounds. This focus on drug discovery man-
ifests itself in two ways. First, ZINCs structure files are generally selected for their
biological relevance. Second, the subsets into which these structures are grouped have
been curated with screening and discovery in mind so that datasets using standard
definitions of “drug-like,” “lead-like,” and “fragment-like” are readily available for
download. They also maintain subsets of these datasets containing “currently” avail-
able compounds;usually updated approximately every 6 months. Currently available
means a delivery window of 0 − 10 weeks, with a target price of $100 or less per
sample. Within each of the latter lead-like datasets, there are also different versions
that have had different levels of similarity analysis performed on them. For example,
one could download currently available lead-like molecules, from a set of 3,687,621
molecules at the time this was written. Or one could download a subset filtered at
the 90% similarity level – so that any two compounds that are more than 90% similar
are filtered out and only one selected – which is less than a tenth the size of the whole
library; 322, 638 molecules.

The ZINC database has other features that make it particularly useful for drug
discovery using virtual screening. For example, to ensure the quality of structures
and groupings, the creators of ZINC have what they term a “hit picking party”89

from time to time, during which they run docking trials on structures in the ZINC
database and compare the output structures to experimental data. Beyond providing
structures for virtual screening, the physical compounds can be purchased through
ZINC. For time-sensitive studies, ZINC can sort purchasable compounds by estimated
delivery time. While the physical compounds are sold commercially, searching for and
downloading structure files are free services89.
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If it is not desirable to use a general library for virtual screening, for example,
if there is a lead available and the goal is to refine or expand outward in the space
of molecules, or if one has particular chemistries in mind, then libraries can be con-
structed combinatorially. That is particular core structures can be defined along with
functional groups to modify those groups, and they can be combined computation-
ally to generate a personalized library. There are commercial libraries useful for this
purpose, but Simlib is a freely available and can easily generate libraries90.

2.6 Timescale Considerations

It should not be surprising that longer timescale simulations require more computa-
tional resources, and choosing the appropriate timescale to simulate is an important
consideration. The available resources and the biophysical question of interest mo-
tivate this decision. Nanosecond timescale simulations are valuable to elucidate low
energy conformations and nearby fluctuations from that minimum. These simulations
can be especially useful for identifying dynamical motion sufficient to hypothesize
corresponding biological function59,91, and afford sufficient time to observe conforma-
tional changes such as motions of a lever arm, for example. These types of simulations
may indeed be sufficient for lead identification11,92.

And yet, many important molecular processes occur at longer timescales, so if
these are of primary interest, either for biological reasons or to obtain rarer confor-
mations for docking, then longer simulations are required. Larger conformational
arrangements may require longer simulations as slower processes are responsible for
some allosteric regulation or other conformational selection events93. Even for small
systems, such as a 28-residue zinc-finger motif, rare events, that are not available in
shorter simulations, occur in the microsecond regime60. These less-common events
may well have significance for drug discovery, and the fact that they happen on the
order of microseconds means they still happen 100s–1000s times per millisecond, and
they may provide pockets for drug docking, as suggested by those who argue that
allostery is an intrinsic property of all proteins9.

2.7 Recent Applications of Molecular Dynamics

and Docking

2.7.1 Molecular Dynamics and Docking: MSH2/6 and Rescin-
namine

An example of the pharmacological use of virtual screening via docking to clusters
from MD simulations comes from a search for small molecules that would selec-
tively bind to an apoptosis-inducing conformation of the MSH2/MSH6 proteins92.
These two proteins form a complex and recognize DNA defects resulting from im-
proper replication. The proteins then enter either a repair conformation when the
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lesions are reparable or a death-signaling conformation when the lesions are irrepara-
ble94,95,96,97,98,99. In both cases, this protein complex senses the defect or damage and
recruits other proteins to either repair the defect or initiate cell death. It is also likely
that there are multiple cell death pathways. The goal of this example study was to
find cytotoxic agents that would bind to MSH2/MSH6 while the protein is in the
death-signaling conformation, thereby triggering apoptosis91,99.

The researchers started with an X-ray structure of a complex of DNA and Es-
cherichia coli MutSα homolog of MSH–modified to include the cisplatin adduct
crosslinking DNA with hydrogens added via the CHARMM software package and
solvated with TIP3P water using VMDs Add Solvation Box extension. They per-
formed a 250ps equilibration and subsequent 10ns production run in NAMD with
the CHARMM27 force field, having the pressure set to 1.01325bar and temperature
to 300K. Frames in the final trajectory were clustered using a 1Å cutoff radius K-
means clustering. They input the resulting ensemble of conformations into AutoDock
3 (see76 for details of this version) for docking trials with a small library of commer-
cially available compounds. They then tested the compounds with highest binding
affinities for the E. coli MutS-DNA complex in vitro on MSH2/MSH6 and found that
they could indeed use a selectively binding ligand to select out the death-signaling
conformation of the proteins92,100. Beyond their specific goal, this work demonstrated
the predictive power of in silico molecular dynamics and virtual screening to select
compounds for in vitro trials. Subsequent work building on this has focused on using
nanoscale simulations to study further aspects of binding of damaged DNA to the
human MSH2/659,101,102.

2.7.2 Docking Without Molecular Dynamics

Docking trials on their own are powerful predictive tools for drug discovery. For
example, they proved useful in the development of a novel phosphatidylinositol-3-
kinase (PI3K) inhibitor that specifically targets prostate cancer103. PI3K activity is
currently understood to inhibit apoptosis of prostate cancer cells and allow them to
continue multiplying even in local environments that would be unfavorable to healthy
cells, specifically in areas of low androgen concentration104. To inhibit PI3K activity
and allow induced apoptotic signaling, the researchers were searching for the most
energetically favorable binding site on PI3K for a quercetin analog (LY294002). Using
AutoDock 376 with a pool of 30,000 initial dockings, the researchers found that the
activated prodrug (L-O-CH2-LY294002) had a high affinity for PI3Ks ATP binding
site, leading them to conclude that the activated prodrug would indeed inhibit PI3K
activity. They then confirmed experimentally that this compound was successful in
inhibition and induced apoptosis in prostate cancer cells. Discovering this drug’s
affinity for PI3Ks ATP binding site through 30,000 in vitro experiments would have
been prohibitively expensive, regarding both time and compound synthesis required,
but was made tenable with the aid of in silico trials.
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2.7.3 Sequence Similarity Motivates Drug Discovery with
MD: Tamiflu and Relenza

A study of multiple drugs and their related proteins via MD simulation have proven
useful in understanding how drug binding mechanisms work29, and has implications
for new drug discovery, as well as understanding mechanisms of drug resistance105.
In the Le study, the pathogenic avian H5N1 type-I neuraminidase, which is the target
for drugs such as Tamiflu and Relenza, is compared to other sequence-similar pro-
teins. These all-atom simulations investigated drug-protein interactions, including
both conserved and unique interactions, with particular emphasis on hydrogen bond-
ing and electrostatics. Their findings suggest how conserved networks of hydrogen
bonds across the three structural variations elucidate a possible mechanism for how
certain mutations might lead to drug resistance.

Such investigations on how mutations affect drug resistances or create genetic dis-
eases are increasingly common, as conformational and dynamical changes comparing
similar structures or systems highlight the specific mechanisms likely responsible for
proper, or improper, function. This form of mechanism hypothesis is just one of
the many ways MD simulations help to push the ability to generate effective drugs,
namely, ones that are less susceptible to mutation–based resistance.

2.8 Areas in Which Molecular Dynamics Shows

Promise to Impact Drug Discovery

In addition to explicitly providing conformations, especially rarer conformations for
ligand screening, there are multiple areas in which molecular dynamics appears poised
to make an impact; these areas include protein–protein interfaces, an elusive, yet
potentially profitable arena for drug discovery, and in understanding more complex,
longer-range allosteric interactions.

2.8.1 Protein-Protein Interfaces and Interactions via Molec-
ular Dynamics: Peroxiredoxins

Another study involving molecular dynamics, enhanced by additional calculations,
in this case, electrostatic-based pKa calculations, have been ones on the peroxire-
doxins (Prxs) shows how detailed pKa values, combined with MD simulation, can
be combined to gain additional insight into modeling chemical contributions to the
oligomerization106,107. This family of proteins is responsible for catalyzing the re-
duction of hydrogen peroxide, alkyl hydroperoxides, and peroxynitrite. They control
levels of cytokine-induced peroxide and act as a regulator of signal transduction in
mammals108,109,110.

These interactions have proven elusive in the drug discovery process because of the
complexity of finding information about specific sites for ligand binding111, although
progress is being made56,112. The transient nature of protein–protein interations (PPI)
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makes identification of regions for small molecule binding difficult to find, and under-
standing dynamics will be critical for effective predictions. Recent efforts combining
NMR with MD have proven useful in this regard112.

2.8.2 Molecular Dynamics and Long Range Allostery: MetRS-
tRNA Complexes

In a different research study, the authors used MD to probe action at a distance
allostery involved in enzymatic reactions113. They simulated E. coli methionyl-tRNA
synthase (MetRS) with 9ns long trajectories, using the CHARMM27 force field and
a TIP3P explicit water model. Using RMSFs, they compared simulation results
directly against experimental values from X-ray crystallography and compared global
mobility for the different mutations. Additionally, covariance analysis helped reveal
how certain amino acid substitutions alter the conformations and dynamics. Through
this careful analysis of the results, the authors showed that substitution of a certain
tryptophan residue (Trp-461) results in specific changes in protein correlation and
dynamics. Effects of this substitution to the local region are not surprising, but
there is clear evidence that the mobility-correlated motions of a region 40 − 50Å
away are reduced in the absence of the conserving tryptophan. It appears that the
conserved residue has a function in addition to codon recognition that is mediating
the conformational structures available to the protein. These simulations along with
previous ones discussed59,91,101,102show the utility of nanosecond scale simulations to
study protein dynamics around the ground state of the folded structure.

Here we see another example of how MD is used to inform the drug discovery
process. While this particular system might not have direct application for drug
discovery, it is useful in showing how MD can help us realize the mechanism of action
in these extremely complex, highly dimensional systems. It is difficult to conceive a
better method of understanding elusive biomolecular processes, such as this type of
hidden allostery, than MD simulations.

2.9 Further Reading

Although we have surveyed the basics of molecular dynamics pertaining to drug dis-
covery and discussed several illustrative studies, there are other articles which review
different aspects of molecular dynamics simulations and their use in understand-
ing drug–protein interactions, binding mechanisms, and protein–protein interactions.
Salsbury et al. 12 provides additional case studies, and Kalyaanamoorthy and Chen 114

discuss details of homology modeling and a possible method for accelerating molecular
dynamics.

The use of homology modeling in molecular simulation and drug discovery is
somewhat controversial. However, homology has gained traction in recent years, as a
means to alleviate the time consuming and expensive tasks of X-ray crystallography
and NMR, especially in protein families of which there are many structures avail-
able114. In addition, homology is becoming the basis for an iterative processes of
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model refinement as more information becomes available, as it is commonly used for
comparison of families of proteins for bioinformatics. As discussed by Kalyaanamoor-
thy and Chen 114 , homology has been used to help fill the gap between sequence
and structure, for G-protein coupled receptors (GCPRs). They are among the most
prominent targets for small molecule drugs, and, due to this abundance, they are
a prime target for homology modeling as a means to structure–based drug design.
While there are roughly 100 GPCR structures in the PDB there are still more in the
family, and due to their popularity as a drug target for a variety of disease, this prob-
lem is particularly well suited to homology modeling, despite the difficulties115,116.
There is even some evidence that homology modeling is more successful with GPCRs
than de novo techniques117. The success of homology modeling provides hope that
computationally techniques will be able to draw upon the increasing number of ex-
perimental structures available to apply molecular dynamics and virtual screening
techniques to the even larger protein universe, which is increasing even faster

Additionally, Kalyaanamoorthy discusses implementations of enhanced sampling
techniques to access longer timescales. One such technique is promising, namely, that
of random acceleration molecular dynamics (RAMD). Used for investigating ligand
dissociation, RAMD applies a small, additional random force to the center of mass
of the ligand allowing it to search the protein for potential egresses. This technique
is appealing because it can provide ligand dissociation information on nanosecond
timescales, it unbiasedly searches possible molecular channels, due to the stochastic
nature of the extra force, and may be able to help identify key amino acid residues in
the ligand (un)binding process. Although a disadvantage of course is that this requires
a structure with a ligand, it could be used, for example, to study conformational
changes that occur due to ligand escape which could then be used to inform, or even
to provide structures for virtual screening. A complementary technique is steered
MD (SMD) and it is analogous to atomic force microscopy or optical tweezers, in
silico. Much like RAMD, it could be used to look at small molecule dissociation.
Both of these techniques show promise in further enabling drug discovery by using
experimental structures with ligands, and providing information about the binding
process.

One of the remaining challenges for the field is the perception of the scientific
community. It seems that confidence in MD simulations has not gained the traction
that it has in other scientific disciplines such as meteorology, fluid dynamics and
astrophysics118. Despite the success in other disciplines, MD simulations are often
disregarded as insufficient, even though there is a wealth of data showing consistent
results between simulation and experiment including many of the examples reviewed
herein.
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Chapter 3

Visualizing ensembles in structural
biology

This chapter contains stylistic variations (e.g., number of columns and citation style)
from the published manuscript:

Melvin, Ryan L, and Freddie R. Salsbury Jr. 2016. Visualizing Ensembles in
Structural Biology. Journal of Molecular Graphics and Modelling 67 (June). Elsevier:
4453. doi:10.1016/j.jmgm.2016.05.001.

Abstract

Displaying a single representative conformation of a biopolymer rather than an en-
semble of states mistakenly conveys a static nature rather than the actual dynamic
personality of biopolymers. However, there are few apparent options due to the fixed
nature of print media. Here we suggest a standardized methodology for visually
indicating the distribution width, standard deviation and uncertainty of ensembles
of states with little loss of the visual simplicity of displaying a single representative
conformation. Of particular note is that the visualization method employed clearly
distinguishes between isotropic and anisotropic motion of polymer subunits. We also
apply this method to ligand binding, suggesting a way to indicate the expected error
in many high throughput docking programs when visualizing the structural spread of
the output. We provide several examples in the context of nucleic acids and proteins
with particular insights gained via this method. Such examples include investigating
a therapeutic polymer of FdUMP (5-fluoro- 2-deoxyuridine-5-O-monophosphate) – a
topoisomerase-1 (Top1), apoptosis-inducing poison – and nucleotide-binding proteins
responsible for ATP hydrolysis from Bacillus subtilis. We also discuss how these meth-
ods can be extended to any macromolecular data set with an underlying distribution,
including experimental data such as NMR structures.
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3.1 Introduction

Discussing the static images of proteins found in journals, Henzler-Wildman and
Kern comment, ”Physicists, however, will object to a static picture: they see proteins
as soft materials that sample a large ensemble of conformations ....”1 Indeed, we
do object. Since the crystallography work by Austin et al. in 1975 on myoglobin2,3,4

there is widespread understanding that proteins exist in statistical ensembles of states
rather than static conformers, with similar understandings emerging for biopolymers
in general1,4,5,6,7. The specific objection presented here is that despite decades of such
knowledge, one of the most basic practices when dealing with distributions of data
has yet to become standard for visualizing macromolecules – error bars. Displaying
single structures without some indication as to the variance in the distribution those
structures represent at best leaves it to the reader to imagine an ensemble and at
worst deceives a reader into believing that there is a single state in which the molecule
exists1. Here we argue for the need to indicate underlying distributions of states when
showing macromolecular structures and present statistically rigorous methodologies
– involving expected error and standard deviation (see Methods) – for doing so.

Admittedly, the leap from error bars around a point on a scatter plot or a bar on
a histogram to visualizing the uncertainty in a conformation is not obviously straight-
forward. Therefore, we present several examples and the underlying methodologies.
Our first example is of representative structures from Molecular Dynamics (MD) sim-
ulations, a useful and increasingly common tool in drug discovery8,9, generating ever
larger ensembles of states as available computational power increases10,11. Here we
show structures from all-atom MD simulations of a therapeutic oligomer of FdUMP
(5-fluoro-2-deoxyuridine-5-O-monophosphate)12,13,14,15. The large number of struc-
tures generated in MD trajectories often requires partitioning conformation space
into a handful of macrostates. Typically a representative from each macrostate –
say a mean or median structure – is then displayed. However, displaying only the
representative with no indication of uncertainty obscures the width of the underlying
distribution. We propose a method based on combining clustering – quality threshold
clustering16 for the purposes of this manuscript – combined with statistical analysis
as described in the Methods section.

As an example of this method’s application to structure prediction and protein-
protein interaction (PPI), we show predicted interactions between SufC and SufD,
Figure 3.4, from Bacillus subtilis 17,18,19,20,21,22,23,24 responsible for ATP hydrolysis and
thought to be analogous to similar proteins in Escherichia coli 25. In addition to the
most likely complex, we use the expected error of the PPI calculations to choose
additional structures to display – Figures 3.4b, 3.4c and 3.4d. Our next two examples,
Figures 3.5 and 3.6, extend to high-throughput, small ligand docking software that
predicts in vivo interactions. Such docking software carries with it an expected error,
which we translate to conformation space (see Methods) and display along with the
highest ranked docking pose – Figures 3.5b, 3.5c, 3.5d, 3.6b, 3.6c and 3.6d . We
also discuss how these methods can be extended to any macromolecular data set
with an underlying distribution, including experimental data from NMR and X-ray
crystallography studies, concluding with a final example of such an application, Figure
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3.7. To aide others in using these methods, we have made example Python26 scripts
publicly available online27, supporting information Figure 1.

One common way to show the distribution of states underlying a representative
structure is to visualize a superposition of states28 that have been aligned by minimiz-
ing a distance metric between the structures – a method that has been applied to MD,
NMR and X-ray crystallography data sets, of which we cite a few examples28,29,30,31,32.
Within these examples we see both sets of all solid structures superimposed, similar to
panel b in all figures herein, where every structure is given equal visual weight. How-
ever, this visualization method is often used without a statistically rigorous method
for selecting frames. To emphasize the difference between such selection methods and
ours, in Figures 3.1, 3.2 and 3.3, we choose the additional frames in panel b randomly.
In the remaining figures of the paper, we use the statistical measures described in the
Methods section.

For displaying additional conformers, we also see the use of transparency, in which
a single representative structure is given the most visual weight with the additional
conformations seen as a shadow, panel c in all figures, or diffuse cloud, panel d
in all figures. For each example system, we include a side-by-side comparison of a
traditional structural ensemble diagrams (panels a and b, except Figure 3.5) and our
suggested styles (panels c-d), drawn with the same representation and viewpoint so
that readers may judge for themselves both the value in displaying a clearly defined
metric of uncertainty and the usefulness of our preferred visualization styles. No
matter the display method, we clearly indicate the statistical metric for choosing these
conformations, as the primary point of this work is to show the value in indicating
uncertainty in visualization of macromolecule conformers.

Another method is to adjust the width of a residue – or other substituents – based
on the width of its distribution of positions28,33. These visualizations have the advan-
tage of maintaining the visual simplicity of a single structure and provide information
on each substituent’s degree of contribution to overall structural uncertainty. There
are also more abstract methods for visualizing these structural varieties, such as that
used by Best and Hege to plot sets of interchanging structures or even entire trajecto-
ries on planar maps34. Such a method brings with it the analysis methods for planar
graphs in general35,36,37,38, allowing for a great deal of information to be extracted
from the transitions among conformations34,39,40. While far less abstract than map-
ping to a planar graph, the methodology we suggest has a higher level of statistical
rigor than simple overlays and is intuitively more straightforward than more abstract
methods.

In addition to a representative structure, we choose which substituents to dis-
play based on a statistical measure relevant to the data. We display a median –
or otherwise representative – structure as solid and each frame in some subset of
the distribution as a shadow or cloud – e.g., those falling within one standard de-
viation of the median, panels c and d in Figures 3.1, 3.2 and 3.3, or those within
some expected error of the representative, Figures 3.4, 3.5 and 3.6. In the shadow
representation, overlapping shadows add their opacity to one another, distinguishing
between isotropic and anisotropic motion based on the relative darkness of areas in
the shadow. In the cloud representations, this distinction is diminished in favor of
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seeing the variance in three dimensions. Our methods differ from others primarily in
the use of a statistical measure – other than random selection, even sampling or the
entire distribution width – to choose the superimposed frames. To demonstrate the
value of indicating the statistical measure used, we select additional frames using an
uncertainty-based cutoff and state the measure used.

3.2 Results and discussion

3.2.1 F10 and SufC – MD Examples

Applying our visualization method to MD trajectories of a therapeutic oligomer
of FdUMP (5-fluoro-2-deoxyuridine-5-O-monophosphate)12,13,14,15, we have observed
shifts in the ensemble of preferred structures resulting from the presence of various
ions. When visualizing the macrostate representatives (median structure), we include
all frames in that macrostate that are within one RMSD-based standard deviation (see
Methods) of the representative conformation. We discern from these visualizations
that in the presence of calcium ions, F10 is in a stable but seemingly unstructured
state, Figure 3.1. We conclude the conformation is unstructured in that it is fully
extended and has no obvious base interactions. The small variance in the shadows
and cloud, Figures 3.1c and 3.1d, serves as a conformation space error bar showing
one standard deviation.

Comparing this structural ensemble to one from a simulation of F10 in the pres-
ence of zinc, Figure 3.2, we see that the zinc-solvated distribution of states is more
structured but less stable. Additionally, here we see that layering shadows, Figure
3.2c, quickly distinguishes between isotropic and anisotropic motion. Bases’ whose
motion is more localized show darker in the preferred position, while bases’ whose
motion is isotropic have roughly the same opacity over the range of positions. From
these variations in shading, we might infer that zinc is preferentially stabilizing some
of the bases.

Additional analysis needs to be done before formally reporting conclusions about
the structure and dynamics of F10 in the presence of various ions. However, we were
able to draw immediate, statistics-based inferences about F10 from these visually
simple images, panels c and d of Figures 1 and 2. These examples illustrate the
ease and simplicity with which statistically relevant information about biopolymer
structural ensembles can be displayed by calculating a standard deviation from some
– in this case median – structure and displaying as a shadow or cloud all frames
within the distance. While the uncertainty displayed in these images is RMSD-
based, the essential idea could be transferred to any measure that can be mapped to
conformation space. As demonstrated by analysis of these images, they are able to
convey more useful information than the primitive superposition shown in panel b.
Furthermore, regardless of the visualization method, the use of a common statistical
measure to select the frames in Figures 3.1 and 3.2 allows a reader to immediately
understand the information conveyed by the visualization.

Using this visualization method, we have also observed the stability of a homology-
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(a) Single representative conformer (b) Randomly selected superimposed
conformers

(c) Shadows as standard deviation (d) Cloud as standard deviation

Figure 3.1: Side-by-side comparison of conformations of F10 in 150mM CaCl2 with
these four visualization techniques reveals (compare a-b) the deceptiveness of using
only a single conformer, (c) the width of the distribution indicated with little loss of
visual simplicity, and (d) the ability to see standard deviation in three dimensions.

predicted structure of SufC from Bacillus subtilis. The lowest order RMSD-based
cluster, Figure 3.3, captures 50% of the MD frames and shows little variance from the
representative structure. Furthermore, the bulk of the fluctuations within that cluster
occur in loops. From the conformations within one standard deviation of the median,
we see that the alpha helices and beta sheets move little within the cluster relative
to the unstructured loop (Figures 3.3c and 3.3d). Just as in the above nucleic acid
example, adding frames within one standard deviation indicates the confidence level
in the visualized structure. In this protein example, we see little uncertainty in the
secondary structure regions of the protein and more uncertainty in the unstructured
regions.

3.2.2 Bacillus Subtilus - A PPI Example

In order to suggest candidate residues for mutation studies of Bacillus subtilis, we
have predicted the interactions of SufC and SufD – two proteins responsible for ATP
hydrolysis when in complex with one another. According to the Critical Assessment of
PRedicted Interactions (CAPRI) experiment41, the set of top 50 predictions returned
by PPI software ZDOCK42,43,44 for a given system has a 51% chance of containing
at least one acceptable structure prediction (defined by an RMSD cutoff from an
experimental crystal structure45,42). Therefore, in addition to the top ranked ZDOCK
prediction, we display the next 49 highest ranked predicted structures as additional
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(a) Single representative conformer
(b) Randomly selected superimposed
conformers

(c) Shadows as standard deviation (d) Cloud as standard deviation

Figure 3.2: By observing the fluctuations about a median structure, we see (in
comparison with Figure 3.1) that F10 is less structured – i.e., the extent of polymer
folding – and more stable in the presence of calcium (seen in Figure 3.1) relative to
zinc (seen here). Representative structures are median, and additional frames are
randomly selected (b) or one standard deviation (c-d) (see Methods).
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(a) Single representative conformer
(b) Randomly selected superimposed
conformers

(c) Shadows as standard deviation (d) Cloud as standard deviation

Figure 3.3: In this MD-refined homology prediction of the SufC protein from Bacil-
lus subtilis, we observe little uncertainty in the structured regions relative to the
unstructured regions. Representative structures are median, and additional frames
randomly selected (b) or one standard deviation (c-d).
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(a) Single representative conformer
(b) Superimposed conformers as ex-
pected error

(c) Shadows as expected error (d) Cloud as expected eror

Figure 3.4: There is a wide variety of relative structure positions in the top 50
docking poses predicted by ZDOCK for SufC (pink) and SufD (orange). We see that
SufC’s predicted poses have a wide variety of rotations relative to the top ranked
prediction. Representative structures are ZDOCK’s top prediction, and additional
frames (b-d) are within the expected error of the top-ranked prediction

conformers, Figure 3.4b-d.
From this image, we are immediately able to see the high level of variance in

the predicted interactions. The SufD (orange) poses are are related to one another
by a smaller range of orientations than the SufC (pink) poses. From these observa-
tions, we conclude that there is much uncertainty in ZDOCK’s prediction of SufC’s
orientations relative to SufD. Additionally, there are no areas of shadow as dark as
those in Figure 3.2c, indicating little commonality among the positions of secondary
structural elements in the top 50 docking predictions. Small shifts would result in
much overlap, making some regions of the shadow much darker, as seen in Figure
3.2c. By visualizing the uncertainty of PPI output we quickly conclude there is a
high level of uncertainty and that we need to either rethink our docking strategy
or find a structural refinement methodology that can increase our confidence in the
structure predicted before proceeding.

Regardless of how the structure prediction work continues, though, the value in
reporting the uncertainty is particularly clear in this example. CAPRI trials report
that the top structure from ZDOCK has a 12% chance of being an acceptable struc-
ture42. If only the top prediction were shown, Figure 3.4a, it would be 88% likely our
displayed result is not an acceptable docking pose. Hence, visualizing that structure
alone would be useless to anyone interested in the interactions between the two pro-
teins. By showing the top 50 predictions, it is more likely than not that an acceptable

58



docking pose is contained therein, and we have made it clear through these additional
conformations that there is a high level of variance among the potential interaction
geometries.

This system is the clearest of our examples for the utility of our particular visual-
ization scheme (panels c-d in all figures). When the additional conformers within the
expected error of ZDOCK are displayed as solid superimposed frames, Figure 3.4b, it
is difficult to see the secondary structure of any conformation or indeed discern any
single conformation at all, a difficulty which is reduced by highlighting a representa-
tive structure, Figure 3.4c-d. From this example, we hope the reader takes away the
general importance of visualizing uncertainty in PPI complex predictions and clearly
indicating the measure of error used. Just as showing error bars without indicating
the measure they represent would be useless for a viewer, showing the variance in a
conformation is not very useful without a clear statement of the associated underlying
measure of uncertainty.

3.2.3 Applications to High Throughput Ligand Docking

Beyond determining the structure of SufC and SufD in complex with one another, we
are interested in the complex’s interactions with ATP, Figure 3.5. In addition to the
model with lowest free energy of binding according to Autodock Vina, we also visualize
all predictions within Vina’s expected error of 2.85kcal/mol of the top model46, Figure
3.5b-d. Immediately, we see that there is a preferred binding pocket, as all models
within the expected error of the top are in the same region. Upon zooming in on
the ATP binding pocket, Figure 3.5b-d, we see that the adenine’s position fluctuates
more than the phosphate groups. That is, the adenine base is mostly responsible for
the variance in the predicted docking poses. From this observation, we might infer
there is a residue on SufC (red) in the binding pocket, that is highly attracted to
the negatively charged phosphate groups and that adenine itself may not be directly
interacting with the protein complex. Aside from possible interpretations, though,
this example demonstrates how visualizing the expected error in small ligand docking
allows for interpreting the confidence level of the docking software. In this case, we
would be more confident in a predicted position of one of ATP’s phosphate groups
than that of the nucleic acid.

We also applied this error visualization scheme to high throughput dockings of F10
to human serum albumin, Figure 3.6. After an ensemble docking run, we displayed
the top predicted model and all models within AutoDock Vina’s expected error,
Figure 3.6b-d. From this visualization we see that there is a wide variance in the
conformations predicted to dock with albumin. There are two clear commonalities
among those docking poses, though. First, all models involve surface docking. Second,
within the expected error, F10 prefers to dock to one region of albumin over others
with one outlier seen near the bottom of panels b-d in Figure 3.6. From a quick
analysis of this image, we see that we can be more confident in the general area of
likely binding than we can be in a prediction of a specific conformation likely to bind.
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(a) Whole complex

(b) Superimposed conformers as ex-
pected error

(c) Shadows as expected error (d) Cloud as expected error

Figure 3.5: Visualizing the expected error of our docking software indicates high
confidence in (a) the general region of the binding site and (b-d) the specific position
of the phosphate groups.
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(a) Single representative conformer (b) Superimposed conformers as ex-
pected error

(c) Shadows as expected error (d) Cloud as expected error

Figure 3.6: From the localization of F10 docking poses (blue) to one region of albu-
min (green) within AutoDock Vina’s expected error, we can be more confident in the
predicted region of binding F10 than in the conformation that is likely to bind, which
has a large variance within the expected error. Representative F10 conformations are
Vina’s top prediction, and additional conformers are those within Vina’s expected
error of the top prediction.
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3.2.4 Application to Experimental Methods

As demonstrated by the above examples, translating a measure of distribution width
or uncertainty to conformation space can be done for any ensemble of states. This
statement holds not only for computationally predicted structures but also for ex-
perimentally derived ensembles. NMR studies of biopolymers in solution sample
multiple conformations that can – and should – be reported as ensembles of states,
as even the rare conformations found in NMR studies may have significant biological
rolls47,31,48,49,50,30,51,52,53. Therefore, not indicating the ensemble nature of an NMR-
derived structure risks missing out on structural variations that result in changes in
biological function. Similarly for X-ray crystallography, structural variations across
differing crystallization conditions can uncover states of biological import54,55. Once
such ensembles of states are solved, the visualization methods presented here can be
applied just as they were to structures predicted by computational methods.

Consider, for example, an NMR structure of ubiquitin bound to a ubiquitin-
binding zinc finger from human Rad18, Figure 3.7. This structure is part of the
DNA damage tolerance pathway. Rizzo et al. calculated 200 conformers for this
complex, submitting 20 of them to the RCSB56. By displaying all of the submitted
structures with the top submission displayed as solid, we see that the relative posi-
tion of some structural components are more certain than others. One alpha helix
on the right of each panel has almost no shadow, indicating high certainty for this
secondary structure element. The other two alpha helices have more variance in their
position. The beta sheet near the top alpha helix likewise has little uncertainty in its
coordinates relative to the other beta sheets. The loop regions show high variance in
their coordinates, which is to be expected from such mobile regions, which are often
difficult to resolve in experimental methods. By showing the additional conformers
beyond the top submission as shadow, we avoid the visual clutter associated with
simple superposition while conveying the relative certainty of structural element po-
sitions in the submitted coordinates. This example, though, does raise the question
of alignment methods. That is, if the structures are aligned based on a particular
secondary structure element, that portion of the polymer would show less variance.
Here we aligned to all heavy atoms to avoid biasing the representations as much as
possible (see Methods).

3.3 Conclusions

Regardless of the specific method employed, it is our primary goal that readers will
be motivated to visualize biopolymers (and macromolecules in general) as ensembles
of states rather than static conformers in their own works. The nature of such poly-
mers to exist in a distribution of conformations is experimentally known and widely
accepted. This fact should be made more evident by the images shown in literature.
Additionally, in visualizing the dynamic nature of these molecules, there is little
added work in utilizing basic statistical methods to choose which structures from the
underlying distribution to display along with a representative. It is, therefore, our
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(a) Single representative conformer
(b) Superimposed conformers as addi-
tional submissions

(c) Shadows as additional submissions (d) Cloud as additional submissions

Figure 3.7: Visualizing multiple conformers of PDB ID 2MRE56 in addition to the
top submission shows that the alpha helix at the right of each panel has a higher
relative certainty in its position than the other secondary structure elements.

secondary goal that those who are moved toward visualizing underlying distributions
will do so in ways that are statistically rigorous, just as is typically done on scatter
and bar plots.

Additionally, such error reporting is of particular import given the present state of
structure determination. At the time of this writing, there are roughly five times as
many entries in the Uniprot57 sequence database as there are in the RCSB58 structure
database. While experimental data is obviously preferred and should be used when
available, the ability to predict structures while waiting on – or more precisely, hoping
for – a solved crystal structure is a valuable tool in drug discovery59,60. Given that
computational structure prediction is a presently necessary stop gap, a standardized
method for reporting the uncertainty in such predictions is crucial.

We find our specific method of visualizing structural uncertainty to be informative
without much loss of visual simplicity. The use of shadows clearly differentiates
between the representative structure and those chosen as the structural equivalent of
error bars. Additionally, adding the opacity of the shadows shows relative weights in
the underlying ensemble and differentiates between isotropic and anisotropic motion
in those structures from MD – and could be used similarly for any dynamics-based
data set. For those who would like replicate our visualization method, we have made
the Python scripts used in making figures in this work available for free online27,
supporting information Figure 1.
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3.4 Methods

For the layered (shadow) and blended (cloud) images (panels c and d in all figures), we
separately visualized representative structures and additional conformers in VMD61,
rendered them with Tachyon62 and combined the resulting graphics into the images
shown here using Pillow, a fork of the Python Image Library. For processing structural
data and molecular dynamics trajectories in Python26, we used the MDTraj library63.
For the purpose of selecting which frames to include in a given shadow, we stored and
processed all data and calculations in NumPy arrays64. The method for selecting the
frames is based on quality threshold clustering combined with statistical analysis as
described below.

The additional conformers in Figures 3.1, 3.2 and 3.3 are all frames within one
modified standard deviation of the median structure of the lowest order RMSD-based
cluster – i.e., highest population cluster – as assigned by the Quality Threshold (QT)16

algorithm in VMD. For reference, consider the usual form of standard deviation:

σx =

√√√√ 1

N

N∑
i=1

(xi − x̄)2

where xi is the ith measurement in a given experiment, x̄ is the average across all
measurements, and N is the number of measurements. For Figures 3.1, 3.2 and 3.3,
we calculated the RMSD of every conformation in the cluster relative to the median
structure. In these images, we do not show the average structure, since it is likely
nonphysical. Instead, we show the median structure, and we want our shadows to
indicate the variation from this median rather than from the average of all structures
in the cluster. Therefore, as a substitute for subtracting the average RMSD – i.e.,
(xi − x̄) – we first superposed all structures in the cluster onto the median. That
is, we minimized the RMSD of each structure in the ensemble relative to the median
structure using rigid body rotations and translations as implemented in the command
trajectory.superpose() in the MDTraj library. These alignments are based on all heavy
atoms.

Therefore, using ri as the RMSD of a structure from the median and N as the
number of structures in the cluster, our modified standard deviation is

σr =

√√√√ 1

N

N∑
i=1

(ri)
2

The key difference from the usual standard deviation is the measurement of distance
from a median rather than a mean. To be clear, we are not advocating for the use
of this particular statistical measure for choosing structures to display – though, it
is our preference – but rather for the use of some statistical measure that is clearly
stated with the figure, just as one would do for error bars on a scatter plot. For those
who wish to reproduce or modify this method of frame selection, we have made the
script used for generating the images in Figures 3.1, 3.2 and 3.3 available online27,
supporting information Figure 1.
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Nucleic acid structures in Figures 3.1, 3.2 and 3.6 are output from MD simulations
run under the canonical ensemble (NVT) in ACEMD11 simulation software. The
single protein in Figure 3.3 and the protein-ATP complex shown in Figure 3.5 is
output from an MD simulation run under the isothermal-isobaric ensemble (NPT) in
ACEMD. In all simulations, hydrogen mass repartitioning as implemented in ACEMD
allowed us to use 4fs time steps in our production runs. Before beginning these
production runs, systems underwent 1000 steps of conjugate-gradient minimization.
During simulation, systems were held at 300K using a Langevin thermostat. For
VdW and electrostatic forces, we applied a 9Å cutoff and 7.5Å switching distance,
calculating long-range electrostatics with a smooth particle mesh Ewald (SPME)
summation method65,66 These simulations were run on Titan GPUs in Metrocubo
workstations produced by Acellera. For MD simulations, we solvated nucleic acids
in 150mM MgCl2 and proteins in 150mM NaCl, using explicit TIP3P water67 for all
biopolymers. For a discussion of counter ion choices, see the review by Lipfert et al. 68.

The individual structures of SufC and SufD from Bacillus subtilis shown as pink
and orange respectively in Figures 3.3 and 3.4 are homology predictions made with
SWISS-MODEL69,70,71,72. We predicted the interaction of those two structures with
the PPI software ZDOCK42,43,44, generating the complexes in Figure 3.4. After relax-
ing the SufC-SufD complex for 1 microsecond as described above, we used AutoDock
Vina46 to predict docking poses for ATP binding. We used this same software to
predict docking poses for F1073,74,75,76,77,78,12,13,15,14 and human serum albumin79. For
the purpose of the simple example in Figure 3.5, we used only the SufC-SufD struc-
ture from the final frame of the MD simulation. In the docking trial, the receptor
(SufC-SufD) was held rigid while the ligand (ATP) was treated as flexible.
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3.6 Supplementary Information

Workflow for figure generation script available for free online.

Start Input:
Structure, trajectory, cluster data

i=1

i<=number 
of clusters

RMSD Align all 
structures in cluster i

to first structure in 
cluster i

Calculate modified 
standard deviation (s) 

from median (first) 
structure in i

Render all structures 
in cluster i within s as 

shadow.

Render first structure 
in cluster i as solid. 

Render all structures 
in cluster i within s as 

shadow.

Render all structures 
in cluster i within s as 

shadow.

Render first structure 
in cluster i as solid. 

Layer shadow and 
solid image

i=i+1

True

False
Output:

One image per cluster

Figure 3.8: The python script vsigma.py uses the above workflow to gen-
erate images with shadows representing uncertainty from a structure file, MD
trajectory and set of frames organized by cluster. Scripts available at
http://dx.doi.org/10.6084/m9.figshare.1601897 .
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Chapter 4

Uncovering large-scale
conformational change in molecular
dynamics without prior knowledge
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Abstract

As the length of molecular dynamics (MD) trajectories grows with increasing compu-
tational power, so does the importance of clustering methods for partitioning trajec-
tories into conformational bins. Of the methods available, the vast majority require
users to either have some a priori knowledge about the system to be clustered or to
tune clustering parameters through trial and error. Here we present non-parametric
uses of two modern clustering techniques suitable for first-pass investigation of an MD
trajectory. Being non-parametric, these methods require neither prior knowledge nor
parameter tuning. The first method, HDBSCAN, is fast – relative to other popular
clustering methods – and is able to group unstructured or intrinsically disordered
systems (such as Intrinsically Disordered Proteins – IDPs) into bins that represent
global conformational shifts. HDBSCAN is also useful for determining the overall
stability of a system – as it tends to group stable systems into one or two bins – and
identifying transition events between metastable states. The second method, iMWK-
Means with explicit rescaling followed by K-Means – while slower than HDBSCAN
– performs well with stable, structured systems such as folded proteins and is able
to identify higher resolution details such as changes in relative position of secondary
structural elements. Used in conjunction, these clustering methods allow a user to
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discern quickly and without prior knowledge the stability of a simulated system and
identify both local and global conformational changes.

4.1 Introduction

Molecular Dynamics (MD) is an increasingly powerful1,2 and prolific3,4,5,6,7 tool gen-
erating enormous data sets over ever longer timescales8,9,4 and larger numbers of
atoms10,7. Especially useful for predicting dynamics and structures currently inac-
cessible to experimental techniques for systems on desired timescales too large for ab
initio methods, MD simulations simplify interactions among atoms to classical force
laws and propagate equations of motion forward in time with numerical integration
techniques11. Each integration step – typically covering 1-4fs – generates a set of
coordinates for every atom in the system. Even simulations of short (nanosecond)
timescales for systems with a few hundred atoms result in data sets too large for
direct analysis by a human.

A typical way of dealing with such large data sets is to bin data into groups based
on some similarity metric12,13,14,15. For example, clustering methods take a set of
samples (frames in the MD context) each with some number of features (atomic co-
ordinates, dihedral angles, etc.) and assigns a label (cluster number) to each sample
such that samples with the same label are similar while samples with different labels
are dissimilar. This vague notion of similar is usually determined – directly or indi-
rectly – by parameters specified by the user. Such a parameter might be the desired
number of clusters (e.g., K-Means16,17,18), the diameter of a cluster (e.g., Quality
Threshold19) or how sharply peaked the Gaussian distributions within the data are
believed to be (e.g., Mean Shift20). Many such clustering methods exist21,22, and
some have been adapted to or specially created for MD23,24,25,26,27,28,29,30,31,32,33. How-
ever, parameter selection for these algorithms requires some a priori knowledge or
trial and error from the user – a requirement that can be prohibitive when initially
exploring a trajectory. In 2007 Shao et al. presented a critical review of clustering
algorithms applied to MD, discussing the bias introduced by parameter selection33.

With this sort of first-pass exploration in mind, we demonstrate the usefulness of
two recently developed clustering techniques for analyzing MD trajectories. The first
method, Hierarchical Density-based Spatial Clustering of Applications with Noise
(HDBSCAN)34,35, has two parameters. The first parameter, minimum cluster size, is
intuitively set by answering the question ”What’s the smallest cluster I would care
about?” If the user has no answer to this question, then there is the obvious choice of
a minimum cluster size of 1. The second parameter, minimum samples, is less intu-
itive and defines what a neighborhood is in the sense of K-Nearest Neighbors36. The
algorithm’s authors recommend setting the minimum samples value equal to the min-
imum cluster size value34 – such that the minimum cluster size is also the minimum
neighborhood size in the algorithm’s initial density estimate – reducing this algo-
rithm to a single parameter. Therefore, the sensible default of 1 for minimum cluster
size makes this method an excellent exploratory, first-pass clustering algorithm. The
second method, Intelligent Minkowski-Weighted K-Means (iMWK-means) with ex-
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plicit rescaling followed by K-Means37 (herein Amorim-Hennig after the two authors
proposing it), uses a parameter that conceptually reduces to a selection of distance
metric38,37. For MD trajectories we select the parameter analogous to a Euclidean
distance metric (see Methods). Having no other parameters beyond the distance
metric, this method is likewise excellent for first-pass, exploratory clustering.

As the name implies, HDBSCAN (abbreviated “HDB” in figure sub-captions) is
a density-based clustering algorithm that yields a hierarchical clustering. However,
rather than cutting the resulting dendrogram at one place, it selects clusters from mul-
tiple levels of the tree. Like other density-based clustering algorithms39, HDBSCAN
searches for regions of feature space with a high density of points separated by regions
with low density. Rather than having the user specify a quantitative meaning for high
density, the HDBSCAN algorithm instead scans over various definitions of high den-
sity and keeps clusters from various values34,35. That is, HDBSCAN can find clusters
of varying densities and arbitrary shape, making it a flexible algorithm appropriate
for initial exploration of a trajectory. Additionally, HDBSCAN can label a sample
as “noise” (“-1” in all figures herein) if it does not fall into any cluster (or if it falls
into a cluster smaller than the minimum cluster size). In the present study, we apply
HDBSCAN exclusively to MD trajectories. However, it has been tested in a variety of
contexts of which we cite a few examples40,41,35,42,43,44. For example, HDBSCAN has
been used to improve querying databases for location based services40 and anomaly
detection in signal processing42. (For a more complete conceptual explanation and a
toy example of HDBSCAN, see methods.)

Amorim-Hennig (abbreviated “A-H” in figure sub-captions) is a variant of K-
Means that does not require specification of the number of clusters. Rather, it uses
a clustering method iK-Means45,38, which can be used to overestimate the number
of clusters in a data set45, to set a maximum number of clusters and then applies a
re-scaled variant37 of iMWK-Means46 which selects a number of clusters – less than
or equal to the maximum number – by optimizing some cluster validity index47,48

(i.e., scoring metric). In our examples below, we use the silhouette index, which
quantifies how similar a given member of a given cluster is to every other member
of that cluster49. De Amorim and Hennig 37 discuss various cluster validity indices
that can be used with this clustering algorithm. For a more complete comparison of
cluster validity indices, see the extensive comparative study by Arbelaitz et al. 47 and
the R package NbClust50. Amorim-Hennig clustering is iterative, using the result of
clustering round i to assign feature weights that are used in round i+1. The algorithm
iterates until no change occurs between rounds. After the optimal feature weights are
determined, the weighted data is then passed to the standard, likewise iterative, K-
Means algorithm37. While K-Means is biased toward spherical Gaussian clusters and
the feature re-scaling is similarly biased when using the euclidean distance metric as
we do here, the spherical clusters in the final rescaled data are not necessarily spherical
in the original data. Therefore, like HDBSCAN this method is capable of returning
clusters of varying shape and density. Additionally, Amorim-Hennig addresses noise
in data through its feature re-scaling – i.e., a noise point would receive a low weight –
whereas HDBSCAN labels the noise point as such. Like HDBSCAN, Amorim-Hennig
has been tested in a variety of contexts51,52,53,54,55,37. For example, Amorim-Hennig
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has been applied to data mining for tumor subtype discovery51 and investigating
the topology of neural systems52. (For a more complete conceptual explanation of
Amorim-Hennig, see methods.)

In the present study, we test both clustering methods on all-atom MD trajectories
of both proteins and nucleic acids. Our first protein example is the MutSα complex56

– a DNA mismatch repair protein complex – in the presence of cisplatinated – cis-
diamminedichloroplatinum(II) – DNA. This complex is of particular interest due to
the chemotherapeutic nature of DNA treated with cisplatin57,58,59,60. This complex
has been the subject of molecular dynamics simulations with clustering analysis to
identify rare-conformations that might be involved in apoptotic pathways in order
to identify possible new lead compounds for drug discovery61,62,63,64,62,65. Next, we
examine the NF-κB Essential Modulator (NEMO) zinc finger domain. It is a 28-
residue zinc-binding protein with a 3CYS1HIS active site and is a known ubiquitin
binder66. NEMO is a diverse signaling protein that contributes to cellular regula-
tion processes including apoptosis, oncogenesis, and inflammatory responses66,67,68.
We present clustering results of two biological configurations of NEMO: one with
protonated active-site cysteines (CYS) and zinc absent, the other with deprotonated
cysteines and a tetragonally coordinated zinc in the active site (CYNZN). Next, we
present a folding simulation of the fast-folding villin headpiece protein69. In the
course of exploring folding processes and the formation of secondary structures, the
clustering methods presented here offer a way to define the intermediate states and
reveal portions of the folding pathway. Such simplification of MD trajectories may
speed drug and chemotherapeutic development by identifying structural ensembles.

We conclude our protein examples with unliganded apo-thrombin in a solution
environment with sodium ions. Thrombin has been shown to induce tumor growth,
metastasis, angiogenesis,70 and even tumor invasion via interactions on cell surfaces71.
Additionally, thrombin is a central protease with allosteric regulation in the coagula-
tion cascade72,73,74,75. Its different activities as a procoagulant and anticoagulant are
thought to highly correlate to thrombin’s conformational states76,77,78,79. In particu-
lar, in presence of sodium, thrombin can adopt a procoagulant (the so-called “fast”
form) conformational state, which is structurally distinct from the anticoagulant (the
so-called “slow” form) one when sodium is absent80,81,82,83,84,85,86,87,88. However, as the
protein is not rigid, our clustering results help illustrate the conformational ensembles
of the thrombin fast form.

We also include two nucleic acid examples: 1) a therapeutic 10mer of FdUMP
(5-fluoro-2-deoxyuridine-5-O-monophosphate) - also called F10 – in both stabilizing
and destabilizing solvent conditions. The fluoridated oligonucleotide F10 is cyto-
toxic89,90,91,92 and is demonstrably more efficacious as a therapeutic and better tol-
erated in vivo93,94,95,96 than the widely used 5-fluorouracil (5-FU)97,98. Finally, we
present clustering on a trajectory of thrombin-binding aptamer, a single stranded
DNA 15mer (herein “15-TBA”)99. The 15-TBA with guanine-enriched sequence can
fold into a G-quadruplex structure and recognize fibrinogen’s binding site on throm-
bin72,99.
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4.2 Results and discussion

4.2.1 Proteins

MutSα

Clustering on protein alpha carbon atom coordinates with HDBSCAN on two con-
catenated trajectories (totaling 500ns) of MutSα in the presence of cisplatinated DNA
assigned each concatenated trajectory to its own cluster (Supporting Information Fig-
ure 4.9). This clustering result indicates that in both environments MutSα exhibits
a stable global structure – as is expected of a folded, functional protein. As will
become apparent with additional examples, this assignment to one or two clusters by
HDBSCAN is typical for stable systems such as folded proteins – e.g., this MSH26
heterodimer of MutSα.

On the same concatenated trajectories of MutSα, Amorim-Hennig splits the first
of the two concatenated trajectories into two bins and assigns the second trajectory
to the same bin as the initial structure of both simulations (Figure 4.1). Visualizing
these clusters (see Methods), we see the differentiation between clusters 1 and 2 –
Figures 4.1c and 4.1d – is the loss of secondary structure as the beta sheet in the
bottom right of the figures is lost, along with the alpha helix in the lower left of each
panel. Though the nucleic acid’s atoms were not involved in clustering, we notice
that the loss of beta sheet is accompanied by a shift of the DNA toward the center
of the protein.

In this first example, we see the usefulness of HDBSCAN to quickly indicate the
stability of a system, which will become clearer by contrast with upcoming examples
of highly unstable, disordered systems (Figures 4.3, 4.6a and 4.7). Additionally, we see
that while HDBSCAN detects large-scale, global shifts in protein structure (Figures
4.3 and 4.7) Ammorim-Hennig detects local, small-scale shifts – such as changes in
relative position of nearby secondary structures (Figures 4.1, 4.2 and 4.5). In this
example (Figure 4.1) and all that follow, we visualize structures from the results of
whichever clustering method we found to be most meaningful and include structures
from the other technique in Supporting Information.

NEMO zinc finger

Clustering on alpha carbon coordinates of a zinc-bound protein of human NEMO zinc
finger with HDBSCAN yielded 22 clusters with only 2.1% of the 98,304 trajectory
frames labeled as noise (Figure 4.2a) and 75% of them placed into the most populated
cluster (Figure 4.2c). Here we see HDBSCAN’s utility in identifying a stable system.
Additionally, HDBSCAN has binned the trajectory frames into a manageable number
of distinct conformations. Comparing the top two clusters by population (Figures 4.2c
and 4.2d) reveals that HDBSCAN detected the N-terminus destabilization in the form
of partial destabilization of the alpha helix on the right of each panel. In cluster 1
(Figure 4.2c) we see more turns in the alpha helix than in cluster 11 (Figure 4.2d).

By comparison, on the non-zinc-bound structure of NEMO zinc finger, HDB-
SCAN yielded 976 clusters with 42.03% of the 125,000 trajectory frames labeled as
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(a) Amorim-Hennig time series
(b) A-H Cluster 0

(c) A-H Cluster 1 (d) A-H Cluster 2

Figure 4.1: By plotting the MutSα cluster time series (a), we see Amorim-Hennig
splits the first of the two concatenated trajectories into two bins and assigns the second
trajectory to the same bin as the initial structure of both simulations. Comparing
clusters 0 (b) and 1 (c), we see the overall protein close in on itself. From cluster 0 (b)
to 2 (d), we see a beta sheet in the upper left form and a loop near the bottom right
move away from the larger structure. We see another beta sheet near the bottom right
of the protein that appears in cluster 1 (c) but not in 0 (b) or 2 (d). The representative
(solid) structure in each panel is the frame closest to the average structure by RMSD.
The protein is colored by secondary structure in VMD’s100 NewCartoon drawing
method. Alpha helices are magenta, beta sheets are yellow, and pi-helices are dark
blue, loops are cyan. Nucleic acid is colored all light blue. Shadows are 50 evenly
sampled frames from the cluster.
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noise (Figure 4.3a). This high-number, high-noise clustering result suggests that the
zinc-less NEMO structure is intrinsically disordered, as there were no stable struc-
tural bin into which many frames could be placed. The highest population non-noise
cluster contains just 2.35% of the trajectory with the next highest population clus-
ter containing 1.25%. Visualization of the top four non-noise clusters by population
(Figures 4.3b-f) shows that HDBSCAN has captured intermediate stages of secondary
structure formation and destabilization. While 976 clusters is still excessive for anal-
ysis by a person, analyzing the highest population HDBSCAN clusters provides a
quick overview of what types of structures form in simulations of this disordered,
unstable protein. We again see HDBSCAN’s utility in identifying the stability of a
system, and here we see HDBSCAN’s ability to identify distinct structural ensembles
within an unstable system.

On the zinc-bound NEMO structure, Amorim-Hennig clustering yields two bins
with a distinct structural difference. The loop between the alpha helix and beta sheet
straightens and elongates (top of Figures 4.2e and 4.2f). Using the shadows – repre-
senting the width of the underlying distribution – to judge uncertainty in the clusters,
we see that frames within cluster 0 (Figure 4.2e) generally exhibit this loop straight-
ening. Amorim-Hennig has uncovered a distinct shift in secondary structure. Here we
see the utility of Amorim-Hennig to identify finer details (compared to HDBSCAN)
within a relatively stable system.

On the non-zinc-bound NEMO structure, Amorim-Hennig clustering once again
yields two bins. However, visualizing these two clusters (Supporting Information
Figure 4.11) reveals that the frames within each cluster have little structural similarity.
By comparison to its performance on a relatively stable system, zinc-bound NEMO,
we see that Amorim-Hennig provides meaningful clusters for a stable system but fails
to do so for an unstable one. Additionally, one might run a second pass of the most
populated clusters from HDBSCAN with the Amorim-Hennig algorithm for higher
resolution of the conformational fluctuations.

Villin headpiece

Amorim-Hennig clustering on alpha carbon atoms of 3 concatenated 6 µs trajectories
of villin headpiece yielded 9 clusters (Figure 4.4a). Calculating the average RGYR of
each cluster revealed that the Amorim-Hennig clusters were differentiated primarily
by the level of compactness of the clusters. Cluster 5, Figure 4.4d, is the most
compact with an RGYR of 12.48Å. Cluster 7 (Figure 4.4e) is the least compact with
an RGYR of 25.17Å. we also see additional searching for the final folded conformation
when comparing clusters 0, 5 and 8 (Figures 4.4c, 4.4d and 4.4f respectively).

HDBSCAN, 4.4b also recognized several stable structures. Visualizing the top 6
clusters by population revealed that HDBSCAN had found stable folding intermedi-
ates (Supporting Information Figure 4.10). In this example, both clustering methods
identified distinct conformations. However, on this system Amorim-Hennig was most
useful in identifying potential folding pathways – that is, the conformations of various
stages of folding as evaluated with RGYR.
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(a) HDB time series (b) A-H Timeseries

(c) HDB Cluster 1 (74.78%) (d) HDB Cluster 11 (11.38%)

(e) A-H Cluster 0 (71.23%) (f) A-H Cluster 1 (28.77%)

Figure 4.2: Clustering on alpha carbon coordinates of a zinc-bound protein of
human NEMO zinc finger with HDBSCAN yielded (a) 22 clusters with only 2.1%
of the 98,304 trajectory frames labeled as noise, and (c) 75% of them placed into
the most populated cluster and (d) 11% in the second highest population cluster.
Amorim-Hennig clustering yields (b) two bins with a distinct structural difference.
This clustering reveals the loop between the alpha helix and beta sheet straightens
and elongates – panels (e) and (f).
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(a) HDB time series (b) A-H time series

(c) HDB Cluster 932 (2.35%) (d) HDB Cluster 918 (1.25%)

(e) HDB Cluster 909 (1.15%) (f) HDB Cluster 813 (1.01%)

Figure 4.3: By plotting the zinc-unbound NEMO cluster time series (a), we see
HDBSCAN yielded 976 clusters with 42% of the trajectory frames labeled as noise
(-1), indicating a disordered system. Visualization of the top 4 non-noise clusters
by population shows that HDBSCAN has captured intermediate stages of secondary
structure formation and destabilization. The protein is colored by secondary structure
in VMD’s NewCartoon drawing method.
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(a) Amorim-Hennig time series (b) HDBSCAN time series

(c) A-H Cluster 0: 〈RGYR〉
12.48Å

(d) A-H Cluster 5: 〈RGYR〉
11.93Å

(e) A-H Cluster 7: 〈RGYR〉
25.17Å

(f) A-H Cluster 8: 〈RGYR〉
15.90Å

Figure 4.4: (a) Amorim-Hennig divided this folding simulation of villin headpiece
into 9 clusters (b) representing various states of foldedness (c-f). All visualized clus-
ters are from Amorim-Hennig clustering. Cluster 7 (e) is the most compact while
cluster 5 is the least (d). Comparing clusters 5 (d), 7 (e) and 8 (f), we see additional
searching for a final, folded conformation. HDBSCAN (b) also detected multiple sta-
ble structures, which upon visualization turned out to be stable folding intermediates
(Supporting Information Figure 4.10)
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Thrombin

Amorim-Hennig clustering on alpha carbon atoms of 5 concatenated trajectories
(10,000 frames each) of thrombin in the presence of sodium, a known binder to the
fast form of thrombin, yielded 6 clusters – mostly splitting across trajectories (Figure
4.5a). These clusters primarily represent various fluctuations of several functional
sites including the gamma loop, 60s loop and exosite II (Figure 4.5). The visualiza-
tion of the additional frames from each cluster as shadows shows that each of these
clusters is relatively tight, indicating that this system is highly stable. Additionally,
while HDBSCAN finds additional transient states, the HDBSCAN time series (Figure
4.5b) is dominated by stable structures, differentiated primarily by individual simula-
tions. Visualizations of representative structures of the most populated clusters from
HDBSCAN (Supporting Information Figure 4.12) show that the structural differences
between the dominant clusters mainly occur at the flexible gamma loop and the light
chain termini, likely due to the high variation in position from their mobility. This
suggests, for the globally stable thrombin, HDBSCAN mainly captures the large scale
conformational shifts, while the Amorim-Hennig clustering is able to pick out higher
resolution details.

4.2.2 Nucleic acids

F10

Clustering on heavy atom coordinates of F10 in 150mM NaCl with HDBSCAN yields
mostly noise (-1) and 126 clusters, the largest of which comprises 1.4% of the tra-
jectory frames (Figure 4.6a and Supporting Information Figure 4.13). This clus-
tering output from HDBSCAN implies that F10 is highly unstable in these solvent
conditions, as expected of a single strand of DNA in the presence of monovalent
ions101,102,103,104. On this same system, Amorim-Hennig places all frames into two
bins with little structural similarity within each bin (Supporting Information Figure
4.14). As seen with non-zinc-bound NEMO (Figure 4.3) we once again find that
Amorim-Hennig performs poorly on unstable systems.

Clustering on heavy atom coordinates of F10 in another solvation condition,
150mM CaCl2, with HDBSCAN yields less than 1% noise (-1) and six clusters (Figure
4.6b and Supporting Information Figure 4.15). Both F10 trajectories are concate-
nated from four simulations beginning respectively at frame 1, 1001 6001 and 10,001.
For F10 in the presence of calcium, HDBSCAN primarily split up the trajectories,
indicating that in each of the concatenated simulation F10 finds a different stable
conformation. This high level of stability is expected of a single strand of DNA in
the presence of divalent ions101,102,103,104.

Since HDBSCAN indicates F10 is stable in 150mM CaCl2, our examples above
suggest that Amorim-Hennig gives finer resolution, showing local, small-scale changes
in F10’s structure. Clustering on heavy atom coordinates of F10 in 150mM CaCl2
with Amorim-Hennig yields five clusters (Figure 4.6c). While this algorithm splits
the first and final two trajectories crisply, suggesting highly stable structures in those
trajectories (confirmed by visual inspection – Supporting Information Figure 4.10),
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(a) Amorim-Hennig time series (b) HDBSCAN time series

(c) A-H Cluster 0 (d) A-H Cluster 1

(e) A-H Cluster 2 (f) A-H Cluster 3

Figure 4.5: Amorim-Hennig (a) identified stable states of the system across the 5
concatenated trajectories. These clusters (c-f) are differentiated primarily by modes
of the gamma loop, shown at the bottom of each panel; the so-called “60s loop”
shown in dark blue at the right of each panel; and exosite II shown at the top of
each panel. HDBSCAN (b) identified transient states among these stable states
(Supporting Information Figure 4.12).
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the second trajectory (frames 1001 to 6000) is primarily split into three clusters,
indicating more structural variation in this simulation relative to the other three.
Visualizing these three clusters shows three clearly distinct conformations (Figures
4.6d-f).

This example elucidates HDBSCAN’s utility in quickly identifying stable and un-
stable systems (Figure 4.6a compared to Figure 4.6b). We also see Amorim-Hennig’s
utility in providing details of structural changes within a relatively stable system
(Figure 4.6c).

Thrombin Aptamer

Clustering on heavy atom coordinates of the refolding 15-TBA with HDBSCAN yields
27% noise and 199 clusters (Figure 4.7a) the largest of which (Figure 4.7c) comprises
16.90% of the frames. This clustering output from HDBSCAN implies that in the
refolding process, the aptamer is mostly unstable with occasional short-lived stable
states (Figures 4.7c-f).

Interestingly, the Amorin-Hennig clustering on the same data sets of three 8.5 µs
refolding simulations of the aptamer mainly outputs several long-lived clusters that
are distinct from the ones corresponding to each other trajectory. Clustering on heavy
atom coordinates of 15-TBA with Amorim-Hennig yields 7 clusters (Figure 4.7b and
Supporting Information Figure 4.18). Whereas the HDBSCAN clusters were fairly
tight (see shadows representing uncertainty in Figures 4.7c-f) the Amorim-Hennig
clusters are highly varied within each cluster. Here we once again see Amorim-Hennig
performing poorly on an unstable system. For such system, Amorim-Hennig favors
a small number of clusters, forming highly varied clusters with little structural sim-
ilarity. As seen here and in previous examples, HDBSCAN works well for deciding
the stability of a system and locating distinct conformations within an unstable sys-
tem. Amorim-Hennig works well for finding small structural changes within a stable
system.

4.2.3 Summary and additional systems

In the above examples, we used HDBSCAN to determine the stability of systems
(Figures 4.2a 4.3a, 4.4b, 4.5b, 4.6a, 4.6b and 4.6a). In the case of unstable and
highly disordered systems, we used HDBSCAN to pick out distinct conformations
despite a molecule’s relative disorder (Figures 4.3c-f and 4.7c-f). In the case of stable
systems, we used Amorim-Hennig to find the structural details – local variations
in secondary structure (Figures 4.1b-d, 4.2c-d, 4.4c-f, 4.5c-f). Additionally, Amorim-
Hennig identified distinct conformations for a nucleic acid in stabilizing salt conditions
despite the fact the nucleic acid had no clear secondary structure (Figure 4.6d-f).

Beyond these examples, we ran clustering trials on several more systems in the
course of investigating these two algorithms. We have summarized these additional
examples, along with the ones presented above in Table 4.1. Here we present the
system time and memory consumed by each clustering run along with a brief writ-
ten summary of the clustering results. Across these additional examples, the trend
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(a) F10 in NaCl HDBSCAN time series (b) F10 in CaCl2 HDB time series

(c) F10 in CaCl2 Amorim-Hennig time
series

(d) A-H Cluster 2

(e) A-H Cluster 4
(f) A-H Cluster 5

Figure 4.6: HDBSCAN identified stable(a) vs. unstable systems (b), and Amorim-
Hennig provided finer resolution on structural changes (c-f). Visual comparison of
the Amorim-Hennig clusters of the second of four trajectories (respectively beginning
at frame 1, 1001, 6001 and 10,001) confirms that the method uncovered distinct
conformations. The flouridated DNA strand is colored by residue number drawn
with VMD’s NewCartoon method.
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(a) HDB time series (b) A-H time series

(c) HDB Cluster 126
(16.90%)

(d) HDB Cluster 79
(4.58%)

(e) HDB Cluster 68
(1.87%)

(f) HDB Cluster 28
(1.83%)

Figure 4.7: HDBSCAN clustering output suggests that the unbound thrombin ap-
tamer is generally unstable but has some long-lived states. On this system, Amorim-
Hennig binned the system into what appear to be compactness-based bins (Support-
ing Information Figure 4.12). Thrombin aptamer DNA strand is colored by residue
number drawn with VMD’s NewCartoon method. Visualized clusters are from HDB-
SCAN.
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of HDBSCAN being useful for 1) determining stability of a system and 2) picking
out distinct conformation ensembles from disordered systems continues. Similarly,
Amorim-Hennig continues to be useful for finding fluctuations of various secondary
structures within stable, ordered systems. Put simply, HDBSCAN is about the big
picture, and Amorim-Hennig is about the details.

We also notice a correlation between a biopolymer’s average Root Mean Square
Fluctuation (RMSF) and the method that seemed to give the most meaningful clusters
(as discussed above and in Table 4.1). For systems with an average RMSF less than
2Å we consistently observed distinct conformational changes across Amorim-Hennig
clusters and gained little information beyond deciding the stability of the system from
HDBSCAN clusters (Supporting Information Figure 4.30). This quantitative obser-
vation is consistent with our qualitative conclusion that Amorim-Hennig is the better
choice for stable systems. Similarly, we observed that HDBSCAN provided more
meaningful clusters for polymers with an average RMSF larger than 5Å (Support-
ing Information Figure 4.30), which is likewise consistent with our conclusion that
HDBSCAN is best for more systems with higher structural variance. Systems with
average RMSFs between 2Å and 5Å had no clear pattern (Supporting Information
Figure 4.30).

Since Amorim-Hennig is a K-Means variant that optimizes a scoring metric, one
might wonder how searching over values of k with traditional K-Means clustering
and selecting the k with the highest, say, silhouette score might compare to Amorim-
Hennig using silhouette index as the value to optimize. We compared these two
methods (Supporting Information Figure 4.29) and found that Amorim-Hennig tends
toward more, tighter clusters than K-Means using a k that maximizes the silhouette
score.

4.3 Methods

4.3.1 Data generation and feature selection

With the exception the simulations of F10 in the presence of magnesium105, all of
the simulation data sets analyzed here are unpublished and generated in the course
of ongoing research projects by the authors. They are each from all-atom molecu-
lar dynamics simulations carried out by at least one of this study’s authors. These
simulations calculate atomic trajectories based on Newton’s laws of motion. For a re-
cent review of the utility of such molecular dynamics trajectories, see Godwin2015106.
The exact simulation parameters used for generating each data set are detailed in the
subsections below.

For all clustering performed here, we used only atomic Cartesian coordinates as
features. Some set of internal coordinate(s) for each system would be preferred, as
such a selection avoids the alignment issues that tend to plague analysis of MD tra-
jectories28,107,108. That is, it is difficult to separate out overall and internal motion
of biopolymers when using Cartesian coordinates28. However, the selection of an in-
ternal coordinate requires some prior knowledge about the system, or introduces bias
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Biopoylmer Atoms Frames
MutSα with
cisplatinated DNA

1829 5000

MutSα with
fluoridated DNA

1829 5000

MutSα with
mismatched DNA

1829 5000

NEMO-CYNZN 28 98304
NEMO-CYS 28 98304
SufC 246 1000
SufCD 671 701
Villin Headpiece 64 30605
F10 (CaCl2) 197 16000
F10 (NaCl) 197 16000
F10 (MgCl) 197 1000
Thrombin Aptamer 315 25770
Thrombin (KCl) 295 5000
Thrombin (NaCl) 295 50000

Table 4.1: The atom count and number of frames involved in the clustering trials.

based on some assumption about the system. Therefore, we assume the philosophical
position of maximal ignorance and select Cartesian coordinates as features for testing
HDBSCAN and Amorim-Hennig as first-pass clustering techniques for MD data.

Beyond aligning trajectory frames to the initial structure of each respective sim-
ulation, we did not standardize data to a common scale. All features are on length
scale of the particular biopolymer in a given simulation. This similarity of scale is
assured by structural alignment via rigid body rotations and translations to minimize
the root mean square deviation of atomic positions among frames. Pre-processing
MD trajectories in this fashion is a common and expected practice106,109,110,111. Se-
lection of an additional standardization method may introduce some bias. Therefore,
our guiding principle of assuming maximal ignorance reinforced our decision to not
further standardize the data sets.

Generation of MD data is inherently stochastic, as simulations begin with ran-
domly seeded initial velocities. Additionally, the equations governing the Langevin
heat baths that maintain the temperature of the systems are themselves stochastic.
Finally, these biopolymers undergo thermal fluctuations proportional to the ambient
temperature (here 300K). By the nature of MD trajectories, we expect small random
structural variations to create noise in our data – and any such data. Therefore, clus-
tering techniques that are able to address noise – either through feature re-scaling in
the case of Amorim-Hennig or labeling points as noise in HDBSCAN – fit the nature
of MD data well.

Another property of MD data is that it is often high dimensional – particularly
when using Cartesian coordinates for features, as we have here. The only form of
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Biopoylmer Memory (kb)
Time

([hh]:mm:ss)
Result

MutSα in presence
of cisplatinated DNA

1049724 04:41 1 state per trajectory

MutSα in presence
of fluoridated DNA

3080308 27:40 1 state per trajectory

MutSα in presence
of mismatched DNA

446560 03:32 1 state per trajectory

NEMO-CYNZN 1017248 15:46 1 stable state 75%
of frames

NEMO-CYS 2380156 05:02:34
42% noise; 2.4%
most populated state

SufC ** 00:33
30% noise; 49%
most populated state

SufCD ** 00:12
18% noise; 44%
most populated state

Villin Headpiece 1570492 34:20
Stable segments with
periods of instability

F10 (CaCl2) 204536 04:15
1 dominant state
per trajectory

F10 (NaCl) 1049908 05:38
74% noise; 1.4%
most populated state

F10 (MgCl) ** 00:10
64% noise; 6.2%
most populated state

Thrombin Aptamer 1256036 14:14
27% noise; 17%
most populated state

Thrombin (KCl) 139136 01:08
29% noise; 14%
most populated state

Thrombin (NaCl) 1489776 53:12
1 or 2 dominant
states per trajectory

Table 4.2: Summary of all protein and nucleic acid systems investigated with HDB-
SCAN. Atom counts are the number actually used in clustering – heavy atoms for
nucleic acids and alpha carbons for proteins. On three systems (noted with “**”)
HDBSCAN clustering completed too quickly for the distributed computing environ-
ment to record the amount of memory consumed. Visualization of structures from
additional systems and brief analysis are in Supporting Information Figures 4.18-4.28.
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Biopoylmer Memory (kb)
Time

([hh]:mm:ss)
Result

MutSα with
cisplatinated DNA

16307300 33:28 3 stable states

MutSα with
fluoridated DNA

122362552 03:45:46 1 state per trajectory

MutSα with
mismatched DNA

16755112 55:12
3 stable,
1 transient state

NEMO-CYNZN 7027188 34:22 4 stable states

NEMO-CYS 64461880 120:00:00
2 frequently
switching states

SufC 2597720 04:37
4 stable,
3 transient states

SufCD 146248 02:05 2 stable states
Villin Headpiece 33896452 04:25:57 Stages of folding

F10 (CaCl2) 10567036 15:55
1 dominant state
per trajectiory

F10 (NaCl) 8715716 33:48
2 frequently
switching states

F10 (MgCl) 2608468 09:18
5 frequently
switching states

Thrombin Aptamer 18838956 01:42:49
Various levels
of compactness

Thrombin (KCl) 7904572 01:13:29
2 stable,
1 transient state(s)

Thrombin (NaCl) 27198820 23:32:15
Various loop
configurations

Table 4.3: Summary of all protein and nucleic acid systems investigated with
Amorim–Hennig. Atom counts are the number actually used in clustering – heavy
atoms for nucleic acids and alpha carbons for proteins. Visualization of structures
from additional systems and brief analysis are in Supporting Information Figures
4.18-4.28.
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dimensionality reduction applied here was the typical – and, therefore, maximally
ignorant – usage of only alpha carbon atoms for proteins and only heavy atoms for
nucleic acids. The number of atoms used in each clustering trial (alpha carbons
for proteins and heavy atoms for nucleic acids) is listed in Table 4.1. Each atom
has 3 coordinates, making the number of input features for the smallest system 3 ×
28 = 84 in the case of NEMO. For the largest system, the number of features was
3×1829 = 5487 in the case of MutSα. We do, however, see the potential for PCA and
TICA112 as pre-processing steps to reduce the data to a few high variance components.
Such a dimensionality reduction would improve the time and memory taken up by
clustering calculations. We did not pursue these steps here, as we quickly realized
that clustering with Amorim-Hennig and HDBSCAN on Cartesian coordinates was
giving us relatively fast yet interesting partitions that we considered (admittedly with
some arbitrariness) good-enough for a first pass exploratory clustering.

Common simulation parameters

We used simulation parameters appropriate to each system and recommended for the
simulation software used – ACEMD113. The parameters for each simulation vary due
to the nature of the projects from which they come. Rather than trying to standardize
the sampling rate, statistical ensemble, solvent conditions or any other parameters, we
have intentionally left them varied to demonstrate the usefulness of these clustering
techniques across many contexts. However, this choice means that there is not a single
methodology for all simulations. Therefore, we provide this “Common” subsection
that gives parameters common to all simulated systems and then one subsection for
each of our 4 protein and 2 nucleic acid examples.

All protein simulations (Figures 1-5) and the thrombin aptamer simulation (Figure
4.7) were run under the isothermal-isobaric ensemble (NPT) in ACEMD113. Langevin
damping114 was used with a target temperature of 300 K and damping coefficient
of 0.1, and a Berendsen pressure piston115 maintained approximately 1.01325 Bar
with a relaxation time of 400fs. In all simulations, hydrogen mass repartitioning as
implemented in ACEMD allowed us to use 4fs time steps in our production runs.
During simulation, systems were held at 300K using a Langevin thermostat. For
VdW and electrostatic forces, we applied a 9Å cutoff and 7.5Å switching distance,
calculating long-range electrostatics with a smooth particle mesh Ewald (SPME)
summation method116,117

These simulations were run on Titan GPUs in Metrocubo workstations produced
by Acellera. All systems were solvated in explicit TIP3P water118, solvated using
VMD’s100 “Add Solvation Box” extension. The CHARMM27 forcefield used here is
based on the interaction energies of small model systems determined by both quantum
mechanics computations and direct experiment119,120,121.

MutSα

Initial coordinates for simulations of the MSH2/MSH6 protein come from RCSB
PDB ID 208E56. For cisplatinated, carboplatinated and fluoridated uracil-containing
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DNA, we used additional parameters based on pre-existing cisplatin, carboplatin, and
FdU parameters122,64,123,124. We fitted cross-linked structures of these modified DNA
strands into the mismatched DNA binding pocket seen in RCSB PDB ID 208E56.
All MutSα systems were solvated in 150mM NaCl using VMD’s “Add Ions” plugin.
Each trajectory is concatenated from two simulations of 250ns each. Each MSH2/6
simulation was minimized using conjugate gradient minimization for 1000 time steps
followed by 250ps of thermal equilibration.

NEMO zinc finger

Initial coordinates for the NEMO simulations are based on RCSB PDB ID 2JVX66.
Each NPT simulation was first minimized using conjugate gradient minimization for
5000 time steps. Subsequent equilibration took 20ns, typically, as measured by the
RMSD of each of the eight 1µs trajectories over time and this was removed from
each trajectory for analysis. All NEMO systems were solvated in 150mM NaCl using
VMD’s “Add Ions” extension.

Villin headpiece

Initial coordinates for simulations of villin headpiece are based on RCSB PDB IDs
2RJY69. Each villin headpiece folding simulation was minimized using conjugate
gradient minimization for 5000 time steps. All villin systems were neutralized and
solvated in 150mM NaCl using VMD’s “Add Ions” plugin. The trajectory presented
here is from three simulations of 6µs each concatenated together.

Thrombin

Initial coordinates for simulations of thrombin in the presence of sodium are based
on RCSB PBD ID 4DII99. 18 out of 295 missing residues in the protein were added
via the structural template-based atom fill-in tool Modeller in VMD, and the missing
hydrogen atoms were added by VMD using standard parameters. The system was
neutralized and solvated with 125mM NaCl. Each of these simulations was minimized
using conjugate gradient minimization for 1000 time steps. The trajectory analyzed
here is concatenated from 5 simulations of 1µs each.

F10

F10 structures in Figure 4.6 are output from MD simulations run under the canonical
ensemble. Each F10 simulation was minimized using conjugate gradient minimization
for 1000 time steps. For the examples above, F10 was simulated in 150mM NaCl or
150mM CaCl2. Prior to structural and kinetic analysis of all F10 simulations, we
concatenated data from four runs of each system (one 1µs and three 5µs), totaling
16µs in each trajectory used as input for the clustering algorithms. We then resampled
the data at a rate of 1 frame every 1ns for a final trajectory of 16000 frames. We used
a modified version of the CHARMM27 forcefield with additional parameters for FdU
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based on experimental data and quantum mechanics computations done by Ghosh et
al.124 and validated in other studies123,125.

Thrombin aptamer

Three NPT MD simulations were run to investigate how a fully extended 15-TBA
refolds within about 8.5 µs. The initial extended aptamer structure was taken from
the unfolding simulation of the same aptamer in G-quadruplex from RCSB PBD ID
4DII99. The system in the refolding simulations was neutralized and solvated with
125mM KCl. The trajectory analyzed in this work is concatenated from 3 simulations
of 8.5µs each. Each of these simulations was minimized using conjugate gradient
minimization for 1000 time steps

4.3.2 Clustering

HDBSCAN

Conceptually, HDBSCAN is a method of grouping neighborhoods. It finds places of
high density separated by sparse (noise) regions. To quickly estimate local densities,
HDBSCAN uses distance to the kth nearest neighbor. Imagine two points a and
b in a dataset such as the toy data in Figure 4.8a. Each of these points lies in a
neighborhood specified by a core point and the number of neighbors k. The distance
from the core point to the edge of the neighborhood is called the core distance. These
two points have core distances corek (a) and corek (b). For these two points we can
calculate the mutual reachability distance 126

dm (a, b) = max {corek (a) , corek (b) , d (a, b)}

where d (a, b) is the distance between a and b – Euclidean distance for this example
and all MD trajectories analyzed in this study.

Given the mutual reachability distance between all points, we can construct a
network that has each data point as a node with edges weighted by the mutual
reachability distance. We then want to begin removing edges in descending order
of their weight until we have a minimal set of edges. A minimal set of edges in
this case would be one in which removing any more edges would cause disconnected
components, such as removing any edge in Figure 4.8b. The graph constructed in such
a way is called a minimum spanning tree, and can be constructed programmatically
using Prim’s algorithm 127,128,129, as was done in Figure 4.8b.

We then construct a dendrogram from the minimum spanning tree by performing
a hierarhical clustering. Each edge in the minimum spanning tree – in ascending
order or distance – is used to merge the two points at its ends into a new cluster
(single-linkage clustering). Each merging is represented by two joining lines in the
dendrogram of Figure 4.8c. Traditional hierarchical clustering now calls for cutting
the tree at a certain distance (usually specified by the user). However, HDBSCAN
uses its minimum cluster size parameter to cut the tree at multiple points. Walking
from top to bottom of the tree, any split that causes a cluster size smaller than the
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minimum is rejected, and the parent cluster is kept. The resulting dendrogram is a
condensed tree (Figure 4.8d), where the width of the remaining lines indicates the
number of points in the cluster. The lines change as distance (or inverse distance λ
in Figure 4.8d) changes to indicate the number of points that remain in that cluster
as a function of distance.

HDBSCAN extracts then the most significant clusters from this condensed tree.
HDBSCAN uses its own, novel cluster stability metric34 to select clusters from mul-
tiple levels of the dendrogram by maximizing cluster stability. Campello2013 , claim
this algorithm finds the optimal solution for any data set and demonstrate its per-
formance across several data sets34. The circled regions on Figure 4.8d indicate the
final clusters chosen using this stability metric.

We used a Python131 implementation of HDBSCAN written by Leland McInnes
and available in his Github repository. i The examples in the documentation of
this repository were useful and closely followed in constructing our simple example
in Figure 4.8d. To automate the parsing of MD trajectory data into an appropriate
input format for HDBSCAN and the output of HDBSCAN into plots for quick com-
prehension, we used an in-house script that we have made available online for free ii

on figshare132. This code has as a dependency the HDBSCAN code from the Github
repository mentioned above. Our code sets the default minimum cluster size to 2
but allows the user to override this default. We used a minimum cluster size of 2 in
all of our MD data, as our simulation sampling rates were such that we considered
singleton states to be noise. Following the algorithm authors’ suggestion34,35, the
minimum samples is set equal to the minimum cluster size, meaning that the small-
est neighborhood is at least as large as the minimum cluster size. We maintain that
in the absence of prior knowledge setting the minimum cluster size to 1 effectively
makes this clustering method non-parametric and exceptionally useful for first-pass
investigation of an MD trajectory.

We have made the python code used to produce the example in Figure 4.8 available
online2. Furthermore, for those wishing to reproduce the analysis described here on
one of our MD data sets, we have made the trajectory and structure data for Villin
Headpiece used to produce Figure 4.4 available online iii

Amorim-Hennig

Being a K-means variant, Amorim-Hennig is conceptually somewhat simpler than
HDBSCAN. The Amorim-Hennig algorithm forms spherical Gaussian clusters in a
re-scaled feature space. First, the algorithm estimates a maximum number of K-
means clusters using iK-Means. Then a round of K-Means clustering is performed.
The distance of each data point in each cluster to that cluster’s center is calculated,
and the data is re-scaled based on these distances for another round of clustering.
The exact weights used in rescaling depends on the cluster validity index (scoring
metric) the user has chosen to optimize.

ihttps://github.com/lmcinnes/hdbscan
iihttp://figshare.com/articles/HDBSCAN_and_Amorim-Hennig_for_MD/3398266
iiihttps://figshare.com/articles/Villin_Headpiece_Simulations/3983526
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(a) Example data set (b) Minimum spanning tree

(c) Dendrogram (d) Condensed tree
(
λ = 1

distance

)
Figure 4.8: Using a toy two-dimensional data set generated with scikit-learn130

(a), we give a conceptual explanation of HDBSCAN’s clustering algorithm. Us-
ing mutual reachability distance as the distance metric, a minimum spanning tree
(b) is constructed. This tree solves an optimization problem such that removing
any edge would create disconnected components – set(s) of nodes not connected
to any other set(s). Based on the distances of connected points in the mini-
mum spanning tree, single-linkage hierarchical clustering is performed (c). Splits
in the dendrogram that create clusters smaller than the minimum cluster mem-
bership are rejected, and the final clusters (d) are determined using HDBSCAN’s
novel cluster stability metric34. In panel (d), λ is inverse distance. The example
here is based on a tutorial by the author of the Python HDBSCAN implementa-
tion – Leland McInnes – available at github.com/lmcinnes/hdbscan. Additionally,
we have made the python code for reproducing our specific example available at
figshare.com/articles/HDBSCAN and Amorim-Hennig for MD/3398266.
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Here we use the silhouette index, which is a number on the interval [−1, 1] assigned
to each point. Scores generally fall between the extrema, but an understanding of
these special cases provides intuition into the silhouette index. A score of 1 for a
given point means that point is more similar to its own cluster than any other cluster
(i.e., an ideal clustering); 0 means the point falls exactly on the boundary between
two clusters; -1 means the point is more similar to a neighboring cluster than its own.

Intuitively, this feature rescaling based on the scoring metric means that in the
next round of clustering tightly packed points are likely to be clustered together once
again but less dense clusters may be split up and/or merged into nearby clusters. This
process is repeated until clusters no longer change between rounds of clustering. The
reweighted data set out of the final (converged) round of clustering is then clustered
once more with K-Means.

Starting by predicting a maximum number of clusters with iK-Means45,38, this
method applies a re-scaled variant37 of iMWK-Means46 to the data set, selecting a
number of clusters that optimizes a scoring metric47,48. One of the algorithm’s authors
has made a Matlab implementation available on his website iv. He has also made
available v a python implementation of the underlying algorithm, re-scaled iMWK-
Means46, on which this method expands. Using the code available on Sourceforge
and the algorithm described by DeAmorim2015a, we wrote a Python implementation
of Intelligent Minkowski-Weighted K-Means (iMWK-means) with explicit rescaling
followed by K-Means37 (which we have called Amorim-Hennig in this work). We
have made our Python implementation available for free on figshare132.

vi

Our code has as dependencies the modules in the Sourceforge repository mentioned
above.

In our examples and the python implementation we have made available, we use
the silhouette index as our scoring metric. This particular cluster validity index
quantifies how similar a given member of a given cluster is to every other member
of that cluster49. The authors’ Matlab implementation, mentioned above, provides
options for using additional scoring metrics. vii

For the reweighting of points after each clustering iteration, we set a default
Minkowski metric of 2 in our Python implementation. The Minkowski metric p is
defined by the distance equation for points a and b in an N-dimensional space:

d =

(
N∑
i=1

|ai − bi|p
) 1

p

where i denotes the ith coordinate for the given point. The most common values
for the Minkowski metric are p = 2, making d Euclidean distance; p = 1, making d
Manhattan distance; and p → ∞, making d the Chebyshev metric46. Some studies
– of which we cite a few examples46,133,134,135,136,137,138,139 – have probed the use of

ivhttp://homepages.herts.ac.uk/~comqra/
vhttp://sourceforge.net/projects/unsupervisedpy
vihttps://figshare.com/articles/HDBSCAN_and_Amorim-Hennig_for_MD/3398266
viihttp://homepages.herts.ac.uk/~comqra/
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various Minkowski metrics across various contexts. The choice of the default p = 2
comes from the intuitive simplicity of the Euclidean distance metric and experimental
work on various data sets by the algorithm’s authors38,37.

Common computational resources

All clustering trials were performed on the Wake Forest University DEAC Cluster,
a centrally managed distributed computing environment. These calculations were
allotted eight 2.4GHz cores and up to 120GB of RAM. The molecular dynamics sim-
ulations were run on Titan GPUs in Metrocubo workstations produced by Acellera.

Analysis and visualization

For parsing, analyzing and plotting clustering results, we used the Python packages
MDtraj140, a library for analysis of MD trajectories; Numpy arrays141 for in-memory
data storage and processing; and Scikit-Learn130, a machine learning library for the
final K-Means iteration of Amorim-Hennig and scoring clustering results with the
silhouette index. These packages are dependencies for our freely available viii Python
scripts.

Visualizing structures from each cluster required selecting a representative con-
formation for each cluster. Using NumPY arrays, we averaged the (3× atoms)-
dimensional position vectors (i.e., trajectory frames) of all alpha carbon atoms for
proteins and heavy atoms for nucleic acids. We then selected the frame whose posi-
tion vector has the smallest Euclidean distance from the mean vector. Next, to show
the variance within a given cluster, we selected 50 evenly-sampled frames from the
list of all frames within that cluster.

For the layered images (those with shadows), we separately visualized representa-
tive structures and additional conformers in VMD100, rendered them with Tachyon142

and combined the resulting graphics into the images shown here using Pillow, a fork
of the Python Image Library. This visualization method is based on previous work
by our research group, explained by Melvin2016143. The choice of 50 evenly-sampled
frames rather than, say, standard deviation143, comes from both algorithms’ ability
to form non-Gaussian clusters of arbitrary shape. The number of frames was selected
due to memory limitations when rendering the images. By trial and error, we selected
the number that we could render for all systems with the computational resources
available to us. Secondary structure visualization in VMD’s NewCartoon drawing
method is based on STRIDE144.

4.4 Conclusions

As the size of MD trajectories grows with the ever increasing computational power
available to researchers, automated methods for simplifying these data sets become
crucial analysis tools. The clustering algorithms applied here to MD trajectories

viiihttps://figshare.com/articles/HDBSCAN_and_Amorim-Hennig_for_MD/3398266
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are excellent first-pass utilities for initial investigation of MD data. Additionally,
using the default parameters suggested by the respective algorithm authors effectively
makes these methods non-parametric. As such, having no parameters to tune through
trial and error further increases their utility for beginning analysis of a new MD
trajectory.

After investigating the systems detailed in Results and additional systems sum-
marized in Table 4.1, we find that HDBSCAN is ideal for initial investigation of a
trajectory. First and foremost, HDBSCAN is fast (Table 4.1). The time spent on
clustering using HDBSCAN – a few seconds to a few hours – is negligible compared
to the time to generate a trajectory – a few days to a few weeks. Furthermore, the
output of HDBSCAN provides immediate insight into the stability of the system at
hand. High noise percentage and/or a high number of low population (≤ 1%) clusters
indicates an unstable system. Additionally, for unstable and/or disordered systems,
HDBSCAN performs well at picking out distinct conformation ensembles – if such
distinct ensembles exist. For stable systems, HDBSCAN detects large-scale, global
conformational changes – if such changes occur – or puts all frames into one cluster –
if such changes do not occur. These features make HDBSCAN an excellent first-pass
method.

We suspect that HDBSCAN’s superior performance on disordered systems is due
in part to its ability to discard noise points that might otherwise artificially cause
two clusters to merge, when in bulk the clusters are significantly different. Addi-
tionally, we intuit that the algorithm’s ability to detect large-scale changes in stable
systems comes from its capability to cut the hierarchical clustering dendogram at
multiple locations. Its cutting algorithm optimizes the stability of a cluster, find-
ing the clusters that would be least influenced by small variations. Translated to
structure-based clusters, this optimization would mean finding the big changes and
metastable conformations while ignoring small – local – structural shifts in the case
of stable protein. For a disordered system, this optimization would mean finding any
points of relative stability in conformation space. Given this propensity, we strongly
recommend HDBSCAN clustering for IDPs.

If HDBSCAN clustering indicates a system is stable (e.g., < 50 clusters or one
or more cluster with population > 10%), we find Amorim-Hennig clustering to be a
useful next step. For stable ordered systems such as folded proteins, Amorim-Hennig
tends to form clusters distinguished by small-scale changes in secondary structure.
For stable but disordered systems (i.e., systems without clear secondary structure that
nonetheless undergo infrequent conformational shifts), Amorim-Hennig finds distinct,
stable ensembles of conformations. Amorim-Hennig’s ability to find the details for a
stable system likely comes from its feature rescaling that emphasizes tight clusters.
For a stable structured protein, tight structural clusters would be differentiated by
small local changes.

These two complementary clustering methods provide a great deal of initial infor-
mation about systems. They are also useful for grouping trajectory frames without
prior knowledge to uncover conformational shifts, as seen in the examples above. In
the context of MD trajectories, HDBSCAN quickly indicates stability and detects
large-scale structural changes, providing big-picture information. Amorim-Hennig
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provides more fine-grained details for stable systems. Used in conjunction, these
two clustering methods isolate diverse conformational ensembles in MD trajectories
without prior knowledge.

Additionally, we see as an important line of future investigation the combination
of these two clustering methods. Since Amorim-Hennig clustering seems to focus
on details, while HDBSCAN captures big-picture changes, replacing the final K-
Means step of Amorim-Hennig with HDBSCAN may prove fruitful. While we plan
to investigate a combination of Amorim-Hennig and HDBSCAN, we intend to do so
as part of a larger study exploring many pre-processing options for clustering MD
trajectories for these and other clustering algorithms.
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(a) HD Time Series
(b) HD Cluster 0

(c) HD Cluster 1

Figure 4.9: Clustering with HDBSCAN on alpha carbon atoms of MutSα com-
plexed with cisplatinated DNA (a) yielded one cluster per trajectory, with the initial
structure of each simulation labeled as noise. For comparison with Amorim-Hennig
clustering of this system, presented in the paper proper, Figure 1, we (b-c) we visualize
both of these clusters. Shadows are 50 evenly sampled frames from each cluster.
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(a) A-H Cluster 0 (b) A-H Cluster 1

Figure 4.10: Visualizing the Amorim-Hennig clusters (a-b) of non-zinc-bound
NEMO reveals a high level of variance within each cluster. Here we see the poor
performance of Amorim-Hennig on unstable systems.
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(a) HD Cluster 97 (21.04%)
(b) HD Cluster 5 (12.28%)

(c) HD Cluster 76 (9.89%)

(d) HD Cluster 57 (6.81%)

(e) HD Cluster 107 (5.71%)

Figure 4.11: Visualizing the top 6 HDBSCAN clusters of Villin headpiece by pop-
ulation revealed that HDBSCAN had found stable folding intermediates.
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(a) HD Cluster 34 (15.92%) (b) HD Cluster 55 (13.08%)

(c) HD Cluster 25 (10.52%) (d) HD Cluster 35 (7.87%)

(e) HD Cluster 57 (7.78%)

Figure 4.12: Visualizations of representative structures of the most populated clus-
ters of Thrombin from HDBSCAN show that the structural differences between the
dominant clusters mainly occur at the flexible gamma loop and the light chain termini,
likely due to the high variation in position from their mobility.
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(a) HD Cluster 126 (1.37%) (b) HD Cluster 111 (1.31%)

(c) HD Cluster 72 (1.08%) (d) HD Cluster 82 (0.92%)

(e) HD Cluster 70 (0.89%) (f) HD Cluster 73 (0.84%)

Figure 4.13: On a trajectory concatenated from four simulations of F10 in the
presence of 150mMNaCl, HDBSCAN yields mostly noise (-1) and 126 clusters, the
largest of which comprises 1.37% of the trajectory frames, indicating an unstable
system. Here we (a-f) visualize the top 6 clusters by population with shadows as 50
evenly sampled frames from the given cluster.
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(a) A-H Time Series

(b) A-H Cluster 0

(c) A-H Cluster 1

Figure 4.14: On a trajectory concatenated from four simulations of F10 in the
presence of 150mMNaCl, (a) Amorim-Hennig places all structures into two clusters
within a high level of variance (b-c) within each cluster.Shadows are 50 evenly sampled
frames from the given cluster.
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(a) HD Cluster 0 (b) HD Cluster 1

(c) HD Cluster 2 (d) HD Cluster 3

(e) HD Cluster 4 (f) HD Cluster 5

Figure 4.15: On a trajectory concatenated from four simulations, HDBSCAN pri-
marily split up the individual simulations, indicating that in each of the concatenated
simulation F10 finds a different stable conformations. (a-f) Visualizing these confor-
mations with shadows as 50 evenly sampled frames reveals little variance in the nucleic
acid backbone position within each cluster.
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(a) A-H Cluster 0: 〈RGYR〉 18.189Å (b) A-H Cluster 1: 〈RGYR〉 10.606Å

(c) A-H Cluster 2: 〈RGYR〉 10.602Å (d) A-H Cluster 3: 〈RGYR〉 17.774Å

(e) A-H Cluster 4: 〈RGYR〉 15.181Å (f) A-H Cluster 5: 〈RGYR〉 13.281Å

Figure 4.16: On a trajectory concatenated from four simulations, HDBSCAN pri-
marily split up the individual simulations, indicating that in each of the concatenated
simulation F10 finds a different stable conformations. (a-f) Visualizing these confor-
mations with shadows as 50 evenly sampled frames reveals little variance in the nucleic
acid backbone position within each cluster.

114



(a) A-H Cluster 0

(b) A-H Cluster 1

Figure 4.17: Amorim-Hennig split two the four concatenated trajectories of F10 in
150mM CaCl2 crisply into one cluster each. These conformation ensembles exhibit
little uncertainty (shadow width), indicating the structures are highly stable.
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(a) A-H Cluster 0: 〈RGYR〉 18.189Å (b) A-H Cluster 1: 〈RGYR〉 10.606Å

(c) A-H Cluster 2: 〈RGYR〉 10.602Å (d) A-H Cluster 3: 〈RGYR〉 17.774Å

(e) A-H Cluster 4: 〈RGYR〉 15.181Å (f) A-H Cluster 5: 〈RGYR〉 13.281Å

Figure 4.18: Amorim-Hennig divided this trajectory of unbound 15-TBA into what
appear upon visualization to be compactness-based bins. Calculating the average
RGYR of each of these clusters bolsters this assumption.
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(a) HD Time series (b) A-H Time Series

Figure 4.19: Both HDBSCAN and Amorim-Hennig split two concatenated simula-
tions of MutSα in the presence of flouridated DNA into the individual simulations.
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(a) HD Time series (b) A-H Time Series

(c) A-H Cluster 0 (d) A-H Cluster 1

(e) A-H Cluster 2 (f) A-H Cluster 3

Figure 4.20: (a) HDBSCAN splits a trajectory of MUTSα in the presence of mis-
matched DNA into the two concatenated simulations comprising it. (b) Amorim-
Hennig, though, (c-f) finds 4 states.

118



(a) HD Time series (b) HD Cluster 0

(c) HD Cluster 1 (d) HD Cluster 2

(e) HD Cluster 3 (f) HD Cluster 4

Figure 4.21: HDBSCAN finds 5 clusters in this 1 microsecond simulation of
homology-modeled SufC from Bacillus subtilis.
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(a) A-H Time series (b) A-H Cluster 0

(c) A-H Cluster 1 (d) A-H Cluster 2

(e) A-H Cluster 3 (f) A-H Cluster 4

Figure 4.22: Amorim-Hennig finds 8 clusters in this 1 microsecond simulation of
homology-modeled SufC from Bacillus subtilis.
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(a) HD Time series (b) HD Cluster 0

(c) HD Cluster 1 (d) HD Cluster 2

(e) HD Cluster 3 (f) HD Cluster 4

Figure 4.23: HDBSCAN finds 7 clusters in this 1 microsecond simulation of docked
homology-models of SufC and SufD from Bacillus subtilis.
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(a) A-H Time series (b) A-H Cluster 0

(c) A-H Cluster 1

Figure 4.24: Amorim-Hennig finds 2 clusters in this 1 microsecond simulation of
docked homology-models SufC and SufD from Bacillus subtilis.
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(a) HD Time series (b) HD Cluster 0

(c) HD Cluster 1 (d) HD Cluster 2

(e) HD Cluster 3 (f) HD Cluster 4

Figure 4.25: HDBSCAN finds 12 clusters in this 1 microsecond simulation of F10
in 150mM MgCl2.
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(a) A-H Time series (b) A-H Cluster 0

(c) A-H Cluster 1 (d) A-H Cluster 2

(e) A-H Cluster 3 (f) A-H Cluster 4

Figure 4.26: Amorim-Hennig finds 5 clusters in this 1 microsecond simulation of
F10 in 150mM MgCl2.

124



(a) HD Time series (b) HD Cluster 12 (13.78%)

(c) HD Cluster 35 (6.18%) (d) HD Cluster 6 (5.32%)

(e) HD Cluster 3 (3.02%) (f) HD Cluster 40 (2.58%)

Figure 4.27: HDBSCAN finds 48 clusters in this 5 microsecond trajectory of un-
bound thrombin in 150mM KCl.
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(a) A-H Time series (b) A-H Cluster 0

(c) A-H Cluster 1 (d) A-H Cluster 2

Figure 4.28: Amorim-Hennig finds 4 clusters in this 5 microsecond simulation of
unbound thrombin in 150mM KCl.
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(a) F10-Ca K-Means (b) F10-Ca A-H

(c) MutSα with Cisplatin K-means (d) MutSα with Cisplatin A-H

(e) SufC K-Means (f) SufC A-H

Figure 4.29: We compare the time series of K-Means clusterings that maximize
silhouette values. Here we perform K-Means clusterings with with values of k between
2 and 20 (inclusive). We report the time series for the value of k with the highest
silhouette score. Aside each of these, we plot the A-H time series for comparison. We
see similar clusterings for F10 in the presence of calcium (a-b). However, A-H has one
fewer clusters and has more temporally grouped clusters. That is, whereas A-H mostly
split the concatenated trajectories into its substituent 4 individual trajectories, K-
Means maximizing silhouette indicated more overlap in the trajectories. For MutSα in
the presence of cisplatinated DNA, we see that A-H indicates one additional cluster,
appearing to split K-means cluster 1 into two clusters. For the SufC protein, we
see A-H indicating 5 more clusters than K-Means. SufC is a highly stable system,
indicating that A-H is finding finer details in this system. From these comparisons,
and those in Supporting Information Figure S21, we see that A-H has a preference
for more tight clusters over K-Means maximizing the silhouette score.
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Figure 4.30: For systems with an average RMSF less than 2Å, we consistently
observed distinct conformational changes across Amorim-Hennig clusters and gained
little information beyond deciding the stability of the system from HDBSCAN clus-
ters). We observed that HDBSCAN provided more meaningful clusters for polymers
with an average RMSF larger than 5Å (Figure 9), which is likewise consistent with our
conclusion that HDBSCAN is best for more systems with higher structural variance.
Systems with average RMSFs between 2Å and 5Å had no clear pattern. In this figure,
simulated systems are assigned an arbitrary system number (x-axis) and labeled in
the format system short name most informative clustering algorithm. *Our simula-
tion for Villin headpiece was one of folding. The system is expected to undergo large
conformational shifts, as it transitions from unfolded to folded. Above we presented
Amorim-Hennig clusters for Villin headpiece due to their correlation to RGYR; how-
ever, it was HDBSCAN that found the stable folding intermediates. **On MutSα
exposed to FdU-substituted DNA, the two clustering methods gave essentially the
same result, with only a few initial simulation frames labeled differently.
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NbClust : An R Package for Determining the Relevant Number of Clusters in
a Data Set. Journal of Statistical Software, 61(6):1–36, 2014. ISSN 1548-7660.
doi: 10.18637/jss.v061.i06. URL http://www.jstatsoft.org/v61/i06/.

[51] Binghui Liu, Xiaotong Shen, and Wei Pan. Nonlinear joint latent variable
models and integrative tumor subtype discovery. Statistical Analysis and Data
Mining: The ASA Data Science Journal, 9(2):106–116, 2016.
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Chapter 5

Visualizing Correlated Motion
with HDBSCAN Clustering

This chapter contains stylistic variations (e.g., number of columns and citation style)
from the published manuscript:

Melvin, Ryan L, Jiajie Xiao, Ryan C Godwin, Kenneth S Berenhaut, and Freddie
R Salsbury. 2018. Visualizing Correlated Motion with HDBSCAN Clustering. Protein
Science 27 (1): 6275. doi:10.1002/pro.3268.

Abstract

Correlated motion analysis provides a method for understanding communication be-
tween and dynamic similarities of biopolymer residues and domains. The typical
equal-time correlation matrices – frequently visualized with pseudo-colorings or heat
maps – quickly convey large regions of highly correlated motion but hide more sub-
tle similarities of motion. Here we propose a complementary method for visualizing
correlations within proteins (or general biopolymers) that quickly conveys intuition
about which residues have a similar dynamic behavior. For grouping residues, we use
the recently developed non-parametric clustering algorithm HDBSCAN. While the
method we propose here can be used to group residues using correlation as a simi-
larity matrix – the most straightforward and intuitive method – it can also be used
to more generally determine groups of residues which have similar dynamic proper-
ties. We term these latter groups ”Dynamic Domains”, as they are based not on
spatial closeness but rather closeness in the column space of a correlation matrix.
We provide examples of this method across three human proteins of varying size and
function – the Nf-Kappa-Beta essential modulator (NEMO), the clotting promoter
Thrombin and the mismatch repair protein (dimer) complex MutS-alpha. While the
examples presented here are from all-atom molecular dynamics simulations, this visu-
alization technique can also be used on correlations matrices built from any ensembles
of conformations from experiment or computation.
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5.1 Introduction

5.1.1 Background

Examining the collective motions of proteins via pair-wise atomic correlation coeffi-
cients is a long-standing topic of interest1,2,3,4,5,6,7,8,9,10,11, particularly with respect to
molecular dynamics (MD) trajectories. Such calculations aid in identifying of regions
and residues of interest3, dimensionality reduction through vibrational modes4,6,8,
estimating characteristic time scales5, identifying communication and allosteric path-
ways12,13, and uncovering non-local yet connected regions14,15,12,16. These correlated
motions are thought to be responsible for biological processes such as transitions be-
tween functional states17,18, allostery19,20,21, initiating binding, events and storying
energy for catalysis22.

When examining correlated motion, the typical matrices of equal-time (aka Pear-
son) correlation coefficients for atom or residue pairs (panel a of all figures herein)
tend to be too large for direct analysis by a human beyond noticing large regions of
strong correlation or anti-correlation10. To simplify the information in these matrices
that easily exceed 10,000 entries (more than 100 residues), we suggest a method for
visualizing the results correlation calculations directly on protein structures (panels
b-d in all figures herein). This visualization technique utilizes the recently developed
clustering algorithm HDBSCAN23,24, which has been previously demonstrated par-
ticularly effective for molecular dynamics (MD) trajectories25. HDBSCAN searches
the space of a given input data set for regions of high density separated by regions of
low density, using a cluster stability metric and ”mutual reachability distance”23,24

to determine the meaning of ”high density” for a given data set. Our proposed vi-
sualization method stands apart from existing correlation visualization techniques
in that it does not require a user-selected cut off for determining significant corre-
lations26,27,28 nor does it require an a priori selection target residues of interest29.
In fact, the original authors of HDBSCAN discuss a sensible default parameter for
minimum cluster size (the only parameter a user need set for HDBSCAN) for use in
situations of maximal ignorance (e.g., initial exploration of a data set)23,24. Beyond
minimum cluster size, HDBSCAN requires no further setting of arbitrary or biasing
parameters by the user. For a discussion of how the minimum cluster size was set
in the present study, see the Methods section below. While the examples we present
here are from all-atom MD simulations, this same method could be applied to corre-
lation matrices generated from ensembles of experimentally generated structures in,
for example, the RCSB protein database, see for example30 and citations therein.

5.1.2 Clustering processes

For the purpose of selecting similar groups of residues based on a matrix of correlation
coefficients, we vary the way in which the matrix is used in the clustering process,
resulting in three distinct visualizations, each of which indicates collective motions of
the protein under analysis. The first method for visualizing correlation (panel b in
all figures) is the most straightforward. Here we use a matrix A of absolute values of
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correlation correlation as a similarity matrix. Let C represent the typical equal-time
correlation matrix, and let subscripts index matrix rows and columns. Then,

Ai,j = |Ci,j| .

That is, residue pairs (i,j) that are highly correlated (or anticorrelated) – absolute
values close to 1 – are considered the most similar while residue pairs (i,j) with
little to no correlation – absolute values close to 0 – are considered the least similar.
Then, residues placed in the same clusters (e.g., all red residues in Figure 5.3b) will
all be highly correlated (or anticorrelated) with one another. Admittedly, there is
information loss. For example, two strongly anticorrelated residues will be treated
the same as two strongly correlated residues. Our next two visualization methods
also take into account the sign of Ci,j.

The second and third clustering and visualization methods are more abstract and
somewhat less intuitive. In the second method (panel c in all figures), we use the
matrix of correlation coefficients as the input data set for clustering. In this case,
each row Ci is treated as a sample to be clustered. That is, we form clusters based
on similar correlation vectors – rows in the correlation matrix (panel a in all figures).
In this case, the distance matrix for clustering is HDNSCAN’s internally calculated
”mutual reachability distance”23,24, which focuses on the formation of neighborhoods
of points. For example, in Figure 5.3c, the residues colored orange had alpha carbon
correlation vectors more similar to each other than any residues that were colored red.
This clustering and visualization method indicates which residues have similar overall
dynamics – intramolecular coupled motion – while not directly indicating information
about pairwise correlation.

In the third method (panel d in all figures), we use a measure of cosine similarity.
Here we take the dot products of all correlation vectors Ci and form a new similarity
matrix D of the resulting values that we then use for clustering,

Di,j = Ci ·Cj.

In this case, a high-valued Di,j indicates similar overall dynamics while a low value
indicates dissimilar dynamic patterns. We normalize this matrix based on its largest
value. This final metric is a scaled variant of cosine similarity. Such a measure of
cosine similarity has wide usage across several fields, of which we cite a few exam-
ples31,32,33,34. While this method is the most abstract – and perhaps least intuitive –
of the three, we have found it useful in identifying what we have termed “dynamic
domains.” These domains are (not necessarily local) sets of residues with similar
dynamics, as indicated by their correlated motion vectors. For example, in Figure
5.3d, the gray, blue and red sets of residues each have their own distinct dynamics.

5.1.3 Example systems

In this paper, we provide six examples of each clustering and visualization method,
discussing the understanding gained and the correspondence to other, well established
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analysis methods. Our first two examples are two biological configurations of the NF-
κB Essential Modulator (NEMO) zinc finger domain – one with protonated binding
site cysteines (CYS) and zinc absent, the other with deprotonated cysteines and a
tetragonally coordinated zinc in the binding site (CYN-ZN). It is a 28-residue zinc-
binding protein with a 3CYS1HIS active site and is a known ubiquitin binder35.
NEMO is a diverse signaling protein that contributes to cellular regulation processes
including apoptosis, oncogenesis, and inflammatory responses35,36,37.

Note that since NEMO is the smallest (by number of residues) and simplest (by
number of secondary structure elements) of our example systems, we were able to
label each secondary structure element directly on the correlation matrices. For other
example systems, we provide a separate figure labeling the known structural domains
discussed herein.

Our next two examples are apo-Thrombin in solution with sodium and potas-
sium ions respectively (see Figure 5.1 for domain labeling). In addition to its pro and
anticoagulant properties38,39,40,41, Thrombin induces tumor growth, metastasis, angio-
genesis42, and even tumor invasion through interactions on cell surfaces43. Thrombin
is also a central allosteric protease regulating the coagulation cascade44,45,46,47. There
is evidence that Thrombin’s activities as a procoagulant and anticoagulant highly
correlate to thrombin’s conformational states38,39,40,41. In presence of sodium, throm-
bin is thought to more likely adopts a procoagulant (i.e., “fast” form) conformational
state, which is structurally distinct from the anticoagulant (i.e., “slow” form) one
when no sodium is present48,49,50,51,52,53,54,55,56. Being a flexible protein, our correla-
tion visualization results help illustrate the differences in motion of the two forms.

Our final two examples are the MSH2/MSH6 (MutSα) dimer from the human mis-
match repair pathway38,39,40,41 (For domain labeling see Figure 5.2). In silico, we have
exposed this complex to DNA damaged by carboplatin57 (cis-diammine(cyclobutane-
1,1-dicarboxylao)-platinum(II)) and separately cisplatin58 (cis-diammminechloroplatinum(II))
– two anticancer drugs that form platinum-DNA adducts. These systems are of partic-
ular interest given the chemotherapeutic nature of DNA treated with cisplatin59,60,61,62.
MSH2/MSH6 has been the subject of molecular dynamics studies using clustering
analysis to identify rare-conformations involved in apoptotic pathways. Such work is
toward identifying possible new lead compounds for drug discovery63,64,65,66,67,68. Our
visualization method presented here is complementary to such structural studies in
that it identifies the differences in motion of the protein when exposed to these two
different drugs.

In these examples, we convey how these simplifications of massive correlation
matrices – via clustering and visualization on protein structures – provide intuition
about the collective motion and dynamics of proteins. While we do not view these
visualizations as replacements for correlation matrices or any other correlation-based
analysis technique, we see these visualizations as complements to existing methods
that provide additional information about what has previously and appropriately
been termed ”the dynamic personality of proteins”70.
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Figure 5.1: For reference, we label the Thrombin structural domains discussed
herein. These are Exosite I, Exosite II, the 60-loop, the Na+ loop, and the γ loop.
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Figure 5.2: The MSH26 complex shown here is colored by structural domain name.
The colors-domain pairs are blue for the mismatch binding domain, green for the
connector domain, yellow for the leaver domain, orange for the clamp domain, and
red for the ATP-ase domain. For clarity, the ADP molecules present in the crystal
structure69 are shown in a bonds representation.
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5.2 Examples

5.2.1 NEMO zinc finger

CYN-ZN

We begin our examples with the more structurally stable71,72 of our biological con-
figurations of zinc (Figure 5.3). The NEMO structure in the CYN-ZN state has
deprotonated cysteines that tetragonally coordinate a zinc ion in the binging site.
When using the absolute values of all entries in the alpha carbon correlation matrix
(Figure 5.3a) as a similarity matrix (Figure 5.3b), we see that the HDBSCAN clus-
tering essentially divides NEMO into its secondary structure elements. Alpha helix
residues are placed in one cluster while each leg of the beta sheet is likewise assigned
to its own cluster. From this clustering, we would infer that a high degree of collective
motion exists within but not between each secondary structure element.

With the correlation matrix (Figure 5.3a) used as the raw input for HDBSCAN
clustering (Figure 5.3c), we find that the alpha helix is split into three clusters. This
clustering corresponds to previous work71 showing a rare conformation of NEMO
CYNZN in which the alpha helix destabilizes. While this clustering would not by
itself indicate destabilization of an alpha helix, it would indicate that potential follow
up is needed, closely examining the dynamics of the alpha helix. Additionally, this
clustering of the alpha helix residues places each of the zinc binding residues in distinct
clusters. The red cluster contains a cysteine residue that fails to coordinate with
zinc71,72, indicating the clustering has picked out the distinct motion of this portion
of the alpha helix.

Using dot products of all correlation vectors as a similarity matrix for HDBSCAN
clustering (Figure 5.3d), we see the alpha helix once again grouped by itself and the
non-coordinating cysteine (gray) separated by the clustering from the majority of the
alpha helix. The two orange clusters here contain residues previously seen to exhibit
strong anti-correlation in the presence of zinc – a motion that has been implicated as
part of the zinc binding mechanism72.

CYS

The less stable NEMO configuration72 is zinc-unbound and has protonated binding
site cysteine residues. Using the correlation matrix (Figure 5.4a) as a similarity
matrix for clustering (Figure 5.4b) divides the alpha helix into two clusters and a
section of noise-labeled residues, both of the clustered regions also contain nearby
loop elements. Upon closer inspection, we found that portion of the helix in the red
cluster is in fact part of a pi helix. Here we see this correlation visualization method
suggesting closer inspection of a particular portion of structural element that was
in fact significant. Additionally, the labeling of the majority of alpha-helix residues
as noise is indicative of the destabilizing alpha helix seen in these simulations and
previously discussed elsewhere72.

When using the correlation matrix as raw clustering input, we once again see that
both segments of the destabilized beta sheet are placed in their own cluster (blue and
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Figure 5.3: In this example of correlation visualization with the biologically relevant,
zinc-bound NEMO CYNZN, we use the (a) residue-residue correlation matrix as (b)
a similarity matrix for HDSCAN clustering, and as (c) raw input for clustering. We
also (d) calculate a new similarity matrix based on the dot products of all correlation
vectors with one another. On the x-axis of the correlation matrix (a), we have labeled
the secondary structure elements of NEMO for easy reference. In panel (b), we see
that the HDBSCAN clustering essentially divides NEMO into its secondary structure
elements. In panel (c), we find that the alpha helix is split into three clusters. This
clustering corresponds to previous work71 showing a rare conformation of NEMO
CYNZN in which the alpha helix destabilizes. In panel (d), we see the alpha helix
once again grouped by itself and the non-coordinating cysteine (gray) separated by
the clustering from the majority of the alpha helix.
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orange). From this clustering and visualization, we see that while the hydrogen bonds
of the beta sheet (as indicated by their separation and visualization using VMD’s
STRIDE secondary structure prediction algorithm73) may have destabilized, each leg
of the beta sheet demonstrates distinct collective motion. The blue segment of the
alpha helix also contains one of the zinc-binding residues, indicating this clustering
may be picking up on previously observed zinc-searching mechanisms71,72.

Calculating a new similarity matrix using dot products of all correlation vectors
for HDBSCAN clustering (Figure 5.4d) results in three clusters. The majority of the
alpha helix is placed in a cluster along with one segment of the beta sheet (orange).
The other segment of the beta sheet is placed in its own cluster (red). In both this
clustering, and the others (Figures 5.4b-d), placement of each beta sheet in a separate
cluster likely corresponds to the coupled, dynamic searching motion observed in these
secondary structural elements, as NEMO attempts to find a zinc ion nearby, as seen
previously72. This statement is similarly true for the zinc-binding cysteine captured
in the blue cluster as in panel (c). In this particular clustering, all other zinc-binding
residues are captured in the orange cluster, indicating their similar collective motion.

With this zinc-unbound case, we see that clustering with the correlation matrix as
a similarity (panel b) matrix tends to over emphasize the correlation of various seg-
ments (compared to previous analysis74,72 while clustering with the correlation matrix
as raw input (panels c) tends to under emphasize these correlations. While both of
these more naive methods provide some information, clustering using a new matrix
of dot products of correlation vectors (panel d) indicates regions of interest that were
either previously confirmed to be part of a zinc binding or searching mechanism71,72

or indicated a structural change worthy of further investigation (in the case of the pi
helix formation for CYS).

5.2.2 Thrombin

Sodium-present

Our next example is apo-form Thrombin in the presence of sodium ions. With the
residue-residue correlation matrix (Figure 5.5a) used as a similarity matrix for HDB-
SCAN clustering, two clusters form. The red cluster contains a portion of the protein’s
catalytic pocket (S1 subpocket) that is adjacent to the gamma loop – a regulatory
functional site. The blue cluster contains more residues involved in the catalytic
pocket. Such clustering results highlight two groups of residues, which are mostly
involved in the catalytic pocket, are strongly coupled together in terms of collective
motions.

Using the residue-residue correlation matrix (Figure 5.5a) as a as raw input for
for HDBSCAN clustering (Figure 5.5c) likewise yields two clusters. The smaller (red)
cluster consists of the S1 subpocket residues and N-terminus of the heavy chain. The
blue cluster has a large overlap with the blue cluster captured by the first approach
(Figure 5.5b). Additionally, the blue cluster from the second approach contains most
of the protein’s secondary structure elements. Included in this group is another
functional site – ”exosite II”, which has been experimentally shown an allosteric
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Figure 5.4: In this example of correlation visualization with the biologically rele-
vant, zinc-unbound NEMO CYS, we use the (a) alpha carbon correlation matrix as
(b) a similarity matrix for HDSCAN clustering and as (c) raw input for clustering.
We also (d) calculate a new similarity matrix based on the dot products of all cor-
relation vectors with one another. On the x-axis of the correlation matrix (a), we
have labeled the secondary structure elements of NEMO for easy reference. With this
zinc-unbound case, we see that clustering with the correlation matrix as a similarity
(b) matrix tends to over emphasize the correlation of various segments (compared
to previous analysis74,72 while clustering with the correlation matrix as raw input (c)
tends to under emphasize these correlations. While both of these more naive methods
provide some information, clustering using a new matrix of dot products of correla-
tion vectors (d) indicates regions of interest that were either previously confirmed to
be part of a zinc binding or searching mechanism71,72 or indicated a structural change
worthy of further investigation (in the case of the pi helix formation for CYS).
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linckage with the catalytic pocket75.
Creating a similarity matrix from dot products of correlation vectors (Figure 5.5d)

yields a clustering that seems to simply place the vast majority of secondary structure
elements in one cluster. The exosite I residues and some light chain termini residues
stand apart as a second cluster due to their similar coupling pattern with other
regions in the protein. Such similarity among these residues (highlighted in blue in
Figure 5.5d) suggests a potential dynamic allosteric linkage between the light chain
and known regulatory site exosite I, which have also been seen in the literature76.

Potassium-present

Correlation clustering and visualization using a trajectory of the apo form of Throm-
bin in the presence of potassium ions using the correlation matrix (Figure 5.6a) as a
similarity matrix (Figure 5.6b) indicates no groups of highly correlated residues. The
clustering labeled all residues as noise, meaning it could not form meaningful group-
ings of residues based on the correlation matrix as a similarity matrix. This lackluster
result indicates for this system in particular that from the perspective of absolute val-
ues of correlation there are no clear communities of alpha carbon atoms with similar
motions. Comparisons between Figure 5.5b and Figure 5.6b further suggest the ion
conditions have an influence on the dynamics of thrombin. More generally, this result
shows that while clustering with A as a similarity matrix is the most straightforward,
intuitive method, it is not the most informative.

Using the correlation matrix as raw input for HDBSCAN clustering (Figure 5.6c)
indicated two clusters. The red cluster mainly contains the 220s (also called sodium
loop) and 180s loops and some S1 subpocket residues. Both of these loops are respon-
sible for the binding of a sodium cation, which is thought to be a critical allosteric
effector of thrombin77,78. Like Figure 5.5c, the larger (blue) cluster captures most of
the secondary structure elements and includes exosite II residues. The gamma loop
was also labeled noise, indicating motions distinct from all other residue groups.

While HDBSCAN clustering using a similarity matrix made up of all dot products
of correlation vectors (Figure 5.6d) yields mostly one cluster, this clustering does
separate out the Gamma loop and C-terminus of the protein’s light chain as one
(blue cluster). Such grouping of these two distant sites indicates allosteric, long-
range communication between the light chain and gamma loop, as seen by clustered
correlation vectors. Here and in the case of Thrombin solvated with sodium chloride,
we see that beta sheets tend to be grouped together in clusters. While this result may
seem somewhat dull it is also unsurprising given the recent evidence that correlated
motion is an inherent property of beta sheets, suggesting there should be a baseline
similarity among all such secondary structural elements30. That is, in the absence
of clearly distinct motions, we might expect that beta sheets tend to have roughly
similar motion.

Similar to the NEMO zinc-finger systems, we see that clustering using the ma-
trix of dot products of correlation vectors as a similarity matrix provides the most
information. In particular, the different clusterings of the Gamma loop and Exosite I
across the two systems using this method corresponds to a previously observed change
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Figure 5.5: In this example of correlation visualization with an apo form of Throm-
bin in the presence of sodium, we use the (a) alpha carbon correlation matrix as
(b) a similarity matrix for HDSCAN clustering and as (c) raw input for clustering.
We also (d) calculate a new similarity matrix based on the dot products of all cor-
relation vectors with one another. In panel (b), The red cluster contains a portion
of the protein’s catalytic pocket (S1 subpocket) that is adjacent to the gamma loop
– a regulatory functional site. The blue cluster contains more residues involved in
the catalytic pocket. Such clustering results highlight two groups of residues, which
are mostly involved in the catalytic pocket, are strongly coupled together in terms
of collective motions. In panel (c), the smaller (red) cluster consists of the S1 sub-
pocket residues and N-terminus of the heavy chain. The blue cluster has a large
overlap with the blue cluster captured by the first approach (b). Additionally, the
blue cluster from the second approach contains most of the protein’s secondary struc-
ture elements. Included in this group is another functional site – ”exosite II”, which
has been experimentally shown an allosteric linkage with the catalytic pocket75. The
clustering in panel (d) seems to simply place the vast majority of secondary structure
elements in one cluster. The exosite I residues and some light chain termini residues
stand apart as a second cluster due to their similar coupling pattern with other re-
gions in the protein. Such similarity among these residues (highlighted in blue in (d)
suggests a potential dynamic allosteric linkage between the light chain and known
regulatory site exosite I, which have also been seen in the literature76.
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in behavior of these segments in response to changing ligation conditions76.

5.2.3 Muts

Cisplatinated DNA

HDSCAN clustering using the correlation matrix (Figure 5.7a) of MutSα bound to
cisplatinated DNA as a similarity matrix (Figure 5.7b) indicates communication (i.e.,
correlated motion) across multiple domains resulting from exposure to cisplatinated
DNA. This clustering indicates collective motion (in the form of groups of highly
correlated or highly anti-correlated) among residues in the ATP-ase domain and the
lever domain (gray cluster); in the lever domain, connector domain and mismatch
binding domain (blue cluster); and in the lever and clamp domains (red cluster).

Visualizing correlation clustering using the correlation matrix as raw input (Figure
5.7c) indicates that the connector, ATP-ase, clamp and lever domains (blue cluster)
have similar correlation vectors – i.e., similar dynamics. Additionally, the the mis-
match binding domain and clamp domains have residues with similar dynamics (gray
cluster). Multiple domains of MSH6 are included in one cluster (red) along with a
few residues of MSH2. This cluster indicates that most residues in MSH6 behave
similarly to one another but also indicates some long-range effects, exhibiting similar
motion to a few residues in MSH2.

Using the similarity matrix composed of all possible dot products of correlation
vectors (Figure 5.7d) yields only two clusters. This method indicates that the mis-
match binding domain behaves similarly to a large portion of residues in MSH2 (blue
cluster). We also see more residues behaving similarly across the two monomers (red
cluster and part of blue cluster).

Correlated motion between the connector and lever domains of this complex in
response to cisplatinated DNA has been previously indicated experimentally59 and
seen in a previous computational study79. Some previous computational work has
indicated that MutSα’s response to cisplatinated DNA is localized to the ATP-ase
domain65, as indicated by Figure 5.7d. The grouping of the ATP-ase and DNA
binding domain may be indicating this previously proposed communication between
the two domains. However, that work used calculations totaling 2ns in simulated
time. The correlation calculations performed here are on a 100ns timescale. That
is, we are seeing the spread of MutSα’s response to additional domains on longer
timescales.

Carboplatinated DNA

Correlation clustering and visualization using the correlation matrix (Figure 5.8a) as
a similarity matrix (Figure 5.8b) indicates relatively few highly correlated residues.
HDBSCAN labeled most residues as noise. However, some residues from MSH6’s
lever domain and a few residues from the mismatch binding domain (blue) have
highly correlated (or anti-correlated) motion. This collective motion may indicate a
response to DNA binding, as a signal moves from the mismatch binding domain to
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Figure 5.6: In this example of correlation visualization with an apo form of Throm-
bin in the presence of potassium, we use the (a) residue-residue correlation matrix as
(b) a similarity matrix for HDSCAN clustering and as (c) raw input for clustering. We
also (d) calculate a new similarity matrix based on the dot products of all correlation
vectors with one another. The clustering in (b) labeled all residues as noise, meaning
it could not form meaningful groupings of residues based on the correlation matrix as
a similarity matrix. This lackluster result indicates for this system in particular that
from the perspective of absolute values of correlation there are no clear communities of
alpha carbon atoms with similar motions. In (c), the red cluster mainly contains the
220s (also called sodium loop) and 180s loops and some S1 subpocket residues. Both
of these loops are responsible for the binding of a sodium cation, which is thought to
be a critical allosteric effector of thrombin77,78. The clustering in (d) yields mostly
one cluster, this clustering does separate out the Gamma loop and C-terminus of the
protein’s light chain as one (blue cluster).
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Figure 5.7: In this example of correlation visualization with an MutSα bound to
cisplatinated DNA, we use the (a) residue-residue correlation matrix as (b) a similarity
matrix for HDSCAN clustering and as (c) raw input for clustering. We also (d)
calculate a new similarity matrix based on the dot products of all correlation vectors
with one another. The clustering in (b) indicates communication (i.e., correlated
motion) across multiple domains resulting from exposure to cisplatinated DNA. The
clustering in (c) indicates that the connector, ATP-ase, clamp and lever domains (blue
cluster) have similar correlation vectors – i.e., similar dynamics. The clustering in (c)
ndicates that the mismatch binding domain behaves similarly to a large portion of
residues in MSH2 (blue cluster). We also see more residues behaving similarly across
the two monomers (red cluster and part of blue cluster).
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the lever domain. The other cluster (red) contains residues in MSH2’s clamp domain.
Experimental work has shown that such residues in the clamp domain are mobilized
by DNA binding, as MSH26 uses this domain to bend the bound DNA80,62.

Clustering using the correlation matrix as raw input (Figure 5.8c) indicates simi-
lar dynamics across multiple domains on both MSH2 and MSH6. The residues from
the mismatch binding, lever and connector domain of MSH6 are placed in the same
cluster (blue) as residues from the lever and ATP-ase domain of MSH2. In the
other cluster (red), we see residues from the ATP-ase domain and the clamp do-
main. As the clamp domain is near damaged DNA, this similarity of dynamics be-
tween the clamp and ATP-ase domain may indicate signaling leading to response
by the ATP domain, which has been experimentally demonstrated81,82,83,84,85,59,86,87,88

and discussed at some length in previous computational work64,65,66,65,63,68,61,79. In
this example, clustering on a similarity matrix composed of dot products of all cor-
relation vectors (Figure 5.8d) yields a similar result as clustering on the correla-
tion matrix as raw input (Figure 5.8c). Both of these clustering outputs (Figure
5.8c-d) indicate communication across the two dimers. Such allosteric communica-
tion between MSH2 and MSH6 has been a topic of much interest in previous stud-
ies64,65,66,65,63,68,61,79,81,82,83,84,85,59,86,87,88.

5.3 Conclusions

We have proposed a method for greatly simplifying the vast amount of information
contained in correlation matrices. By coloring residues on a protein structure based
on their collective motion, we produce intuitive, visual representations of complex
data. A quick glance at such figures quickly conveys which residues are behaving
most similarly in terms of their correlated motion (panel b in all figures) or general
dynamics (panels c and d in all figures). This mode of data visualization is easier to
interpret than a correlation matrix with tens of thousands of entries. Here we have
presented this method with equal time correlation matrices; however, it could easily
be applied to time-lagged correlation methods by using their resulting correlation
matrices in the same manner.

In each of our examples above, we presented potential explanations for why some
residues are grouped together. These explanations are not fully supported simply by
the visualizations, but they are intended to show how this visualization method is
useful for selecting sets of residues for further investigation. This data simplification
and visualization technique proposed here is not intended to replace any extent anal-
ysis method. Rather, it complements them through simply, intuitive visualization of
collective motion.

All of the systems analyzed here are from active, ongoing research projects of the
authors. In our own work, we have often found clustering using D (dot products
of correlation vectors) as the similarity matrix. This method picked up on residue
groups involved in known mechanisms such as NEMO’s binding site residues (Figure
5.3d) search for nearby Zinc ions (Figure 5.4d), allostery in Thrombin (Figure 5.6d),
communication across monomers in MutSα (Figures 5.7d and 5.8d). We think of
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Figure 5.8: In this example of correlation visualization with an MutSα bound to
carboplatinated DNA, we use the (a) residue-residue correlation matrix as (b) a simi-
larity matrix for HDSCAN clustering and as (c) raw input for clustering. We also (d)
calculate a new similarity matrix based on the dot products of all correlation vectors
with one another. The clustering in (b) indicates relatively few highly correlated
residues. HDBSCAN labeled most residues as noise. However, some residues from
MSH6’s lever domain and a few residues from the mismatch binding domain (blue)
have highly correlated (or anti-correlated) motion. The clustering in (c) indicates
similar dynamics across multiple domains on both MSH2 and MSH6. The residues
from the mismatch binding, lever and connector domain of MSH6 are placed in the
same cluster (blue) as residues from the lever and ATP-ase domain of MSH2. In the
other cluster (red), we see residues from the ATP-ase domain and the clamp domain.
The clustering in (d) yields a similar result as clustering on the correlation matrix as
raw input (c). Both of these clustering outputs (c-d) indicate communication across
the two dimers. Such allosteric communication between MSH2 and MSH6 has been
a topic of much interest in previous studies64,65,66,65,63,68,61,79,81,82,83,84,85,59,86,87,88.
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this method as indicating potentially interesting dynamic domains – that may have
otherwise been missed due to the large number of entries in the correlation matrix
or the non-locality of the atoms involved – worthy of follow up with other analysis
methods.

However, the other two visualization methods are useful for answering more spe-
cific questions. Using A (absolute value of the equal-time correlation) as a similarity
matrix provides a quick, simple way to visualize communities of highly correlated
residues. This method is primarily a simplification of the typical equal-time, aka
Pearson, correlation matrix. Using C as the similarity matrix finds groups of residues
with similar correlation vectors (positions in the column space of the equal-time Cor-
relation matrix). This method is useful for determining (in a preliminary sense) which
atoms or residues have similar dynamics.

For those wishing to use this visualization technique, our python scripts will be
available online for free via figshare at https://doi.org/10.6084/m9.figshare.

5140234.

5.4 Materials and Methods

5.4.1 Correlation and clustering

For each system, we calculated a equal-time correlation matrix using only alpha
carbon atoms. To group residues into dynamically similar groups, we used HDB-
SCAN23,24 clustering, which we previously showed to be particularly effective with
molecular dynamics trajectories25. HDBSCAN a density-based, hierarchical method.
However, it differs from other hierarchical techniques by not cutting the final dendro-
gram at one point. Instead, this clustering technique selects clusters from multiple
levels of the tree.

In this paper, we discuss three distinct ways of inputting the correlation matrix
into the non-parametric clustering method HDBSCAN. (For a discussion of non-
parametric clustering see89 and the citations therein.) In the most straightforward
method, we use the absolute values of the correlation matrix (normalized to the
largest absolute value) as input (panel b in all figures). We also used the correlation
matrix simply as the input to HDBSCAN (panel c in all figures). In this method,
HDBSCAN interprets the correlation matrix as a set of features (columns) across
multiple observations (rows). HDBSCAN then groups these observations based on
the overall similarity of their features. For the purpose of forming these groups,
HDBSCAN calculates a distance matrix based on mutual reachability distance –
a proximity measure that focuses on establishing neighborhoods23,24. Our third –
most abstract – input method is an appeal to the law of cosines for establishing a
similarity matrix. In this case, we take the dot products of all correlation vectors
(rows in the correlation matrix) with one another. This results in a matrix that is the
same dimensions as the original correlation matrix. Each entry in this new matrix
indicates the overall similarity between the two correlation vectors used to produce
it. We then standardize the values in this matrix by normalizing them to entry with
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the largest magnitude. All three of these processes are included in the python scripts
which will be available for free online via figshare at https://doi.org/10.6084/m9.
figshare.5140234.

The only parameter for HDBSCAN that a user need set is minimum cluster mem-
bership. The algorithm’s authors suggest a value of 1 in the case that there is no
prior knowledge which might suggest a minimum membership23,24. For a discussion
of the effects of HDBSCAN’s minimum membership parameter, see Campello et al.,
201524, and for a broader discussion of the application of HDBSCAN to biopolymer
data, see Melvin et al., 201625. For the particular visualization technique proposed
here, we would not consider 1 residues – a singleton cluster – to be a significant dy-
namic group. Therefore, the smallest minimum membership used here was 2. We
were artificially limited by the number of user-accessible color codes in our render-
ing software of choice. Therefore, to ensure that each cluster was assigned a unique
color we set our minimum membership at 3% of the number of residues in the system
or 2, whichever was larger. However, this method can be adapted to any rendering
software – potentially without any constraints on the number of user accessible col-
ors – by modifying the code which will be available for free online via figshare at
https://doi.org/10.6084/m9.figshare.5140234.

5.4.2 Image rendering

Images were rendered using VMD90 and tachyon91. Each cluster was assigned a
unique non-negative integer, corresponding to a unique color in VMD. These residues
were then rendered as opaque with the assigned color. Residues labeled noise by HDB-
SCAN were rendered as translucent gray. For those wishing to replicate our clustering
and visualization method, we have made python scripts which will be available for
free online via figshare at https://doi.org/10.6084/m9.figshare.5140234.

5.4.3 Example data generation

Data from each of the systems presented here was provided by one of more of this
work’s authors. We made no attempt to standardize the timescales or simulation
methods of these systems, as we wanted to demonstrate applicability to actual ongo-
ing research projects. Some of these data sets have been used in previous publications,
which are cited in the sections below. We begin this section with general computa-
tional methods applying to all systems and then discuss the differentiating details.

General computational methods

All simulations were run under the isothermal-isobaric ensemble (NPT) in ACEMD92.
Damping via a Langevin thermostat93 maintained target temperature of 300 K via a
damping coefficient of 0.1. A Berendsen pressure piston94 held all systems at roughly
1.01325 Bar using a relaxation time of 400fs. Hydrogen mass repartitioning allowed
for 4fs time steps in our production runs. We applied a 9Å cutoff and 7.5Å switching
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distance for VdW and electrostatic forces, calculating long-range electrostatics with
a smooth particle mesh Ewald (SPME) summation method95,96.

These simulations were run on Titan GPUs in Metrocubo workstations produced
by Acellera. All systems were solvated in explicit TIP3P water97, using VMD’s90

“Add Solvation Box” feature. The CHARMM27 forcefield parameters used here are
based on interaction energies of small model systems calculated by quantum mechan-
ics computations and direct experiment98,99,100.

Nemo zinc finger

Initial coordinates are based on an experimental crystal structure, accessed from the
RCSB data bank – PDB ID 2JVX35. Before production runs, each fully solvated
system underwent conjugate gradient minimization for 5000 time steps. Subsequent
equilibration lasted approximately 18ns, as measured by the RMSD. Prior to analysis,
this equilibration period was removed from each of each of eight 1µs trajectories
used here. All NEMO systems were solvated in 150mM NaCl using the “Add Ions”
extension in VMD.

Thrombin

Initial coordinates are based on an experimental crystal structure from the RCSB data
bank – PBD ID 4DII101. Missing residues (18 out of 295) were added via Modeller102

– the structural template-based atom fill-in tool in VMD. Hydrogen atoms were added
by VMD’s “psfgen” tool using standard parameters. The system was solvated with
in 125mM NaCl. systems underwent 1000 steps of conjugate gradient minimization.
The final trajectory analyzed here is a concatenation of 5 simulations, each of 1µs.

MutSα

Initial coordinates are based on an experimental crystal structure from the RCSB
data bank – PDB ID 208E69. For cisplatinated and carboplatinated DNA, we used
additional, pre-existing, cisplatin and carboplatin parameters103,66,104,105. We fitted
cross-linked structures of modified DNA strands into the mismatched binding pocket –
as seen in RCSB PDB ID 208E69. All systems were solvated in 150mM NaCl using the
“Add Ions” plugin in VMD. Each trajectory analyzed here was concatenated from two
250ns all-atom MD production runs. Before production runs, each systems underwent
1000 steps of conjugate gradient minimization and 250ps of thermal equilibration.
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Abstract

MutSα is a key component in the mismatch repair (MMR) pathway. This protein
is responsible for initiating the signaling pathways for DNA repair or cell death.
Herein we investigate this heterodimer’s post-recognition, post-binding response to
three types of DNA damage involving cytotoxic, anti-cancer agents – carboplatin,
cisplatin, and FdU. Through a combination of supervised and unsupervised machine
learning techniques along with more traditional structural and kinetic analysis applied
to all-atom molecular dynamics (MD) calculations, we predict that MutSα has a
distinct response to each of the three damage types. Via a binary classification tree
(a supervised machine learning technique), we identify key hydrogen bond motifs
unique to each type of damage and suggest residues for experimental mutation studies.
Through a combination of a recently developed clustering (unsupervised learning)
algorithm, RMSF calculations, PCA, and correlated motions we predict that each
type of damage causes MutSα to explore a specific region of conformation space.
Detailed analysis suggests a short range effect for carboplatin – primarily altering the
structures and kinetics of residues within 10 angstroms of the damaged DNA – and
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distinct longer-range effects for cisplatin and FdU. In our simulations, we also observe
that a key phenylalanine residue – known to stack with a mismatched or unmatched
bases in MMR – stacks with the base complementary to the damaged base in 88.61%
of MD frames containing carboplatinated DNA. Similarly, this Phe71 stacks with the
base complementary to damage in 91.73% of frames with cisplatinated DNA. This
residue, however, stacks with the damaged base itself in 62.18% of trajectory frames
with FdU-substituted DNA and has no stacking interaction at all in 30.72% of these
frames. Each drug investigated here induces a unique perturbation in the MutSα
complex, indicating the possibility of a distinct signaling event and specific repair or
death pathway (or set of pathways) for a given type of damage.

6.1 Introduction

In human cells, the most prevalent binding factor is the heterodimer MutSα, formed
by two MutS homologues (MSH) – MSH2 and MSH6. MutSα initiates the repair or
apoptotic pathway for mismatched and partner-less nucleic bases1,2,3,4,5,6,7. The com-
plex contains five functional domains: mismatch binding, connector, lever, clamp and
ATPase (Figure 6.1). Even though binding of damaged DNA occurs in one region, we
predict using all-atom microsecond timescale molecular dynamics (MD) simulations
and machine learning techniques, that conformational changes and shifts in hydrogen
bonding motifs across the entire complex differentiate the heterodimer’s response to
carboplatinated, cisplatinated, and flouridated nucleic bases. These results are con-
sistent with several previous studies8,9,10,11,12,9,13,14 that have shown conformational
shifts across interfaces in response to cisplatinated and carboplatinated DNA damage,
using short-time (≤10ns) molecular dynamics with more conventional analysis. How-
ever, our present study provides more quantitative details from long-time molecular
dynamics (multiple runs of 250ns) as well as a study of the response to FdU, adding
additional insights from novel applications of machine learning techniques. From this
investigation, we provide insight into the mechanisms signaling repair or apoptosis
by MutSα.

Carboplatin16 (cis-diammine(cyclobutane-1,1-dicarboxylao)-platinum(II)) and cis-
platin17 (cis-diammminechloroplatinum(II)) are both platinum-based anticancer drugs
that form platinum-DNA adducts. The anticancer effect of these drugs is that the dis-
tortions resulting from such adducts result in cell death18,19. Cisplatin predominately
forms G-G crosslinks, whereas carboplatin predominately forms G-X-G crosslinks. In
addition to these two types of DNA damage, we also examine MutSα’s response to
DNA with one base replaced with 5-flouro-2′-deoxyuridine (FdU) – a type of DNA-
substitution damage – which is likewise cytotoxic20,21,22,23,24,25,26,27,28,29,30,31,32,33. For
brevity and simplicity we will herein refer to the simulated systems with these three
types of DNA damage as “Carbo,” “Cis,” and “FdU” respectively.

The mechanisms of recognition, response and signaling in the mismatch repair
(MMR) pathway are not well understood34,14,35; though, recent computational stud-
ies have made progress into the atomic-level details10,9,36,8. Here we continue this
progress using decision tree learning to identify as few as two key residue interactions
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Figure 6.1: The MutSα complex shown here is colored by domain classification.
The color coding for the domains is blue for the mismatch binding domain, green for
the connector domain, yellow for the leaver domain, orange for the clamp domain,
and red for the ATP-ase domain. The nucleic acid strands is colored purple with an
additional transparent surface around it for clarity, and the ADP molecules present
in the crystal structure15 are shown in a bonds representation.

differentiating MutSα’s response to three types of damage. Additionally, we apply
a recently developed unsupervised clustering technique – iMWK-Means with explicit
rescaling followed by K-Means37 (herein Amorim-Hennig after the algorithm’s cre-
ators) – to identify conformational subtypes adopted by the MSH2-MSH6 complex
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across simulated responses to the three types of damage. We have previously de-
tailed the particular effectiveness of this clustering techniques on MD simulations of
stable systems38 – such as a structured, functional protein. To bolster confidence in
the relatively novel application of these analysis techniques, we compare the specific
hydrogen bonding motifs suggested by the decision tree models here to results of pre-
vious experimental results and theoretical work. We also point out overlap with and
differences from more traditional analysis techniques (see Methods and Discussion
sections).

6.2 Materials and Methods

6.2.1 Force Field Parameters

The CHARMM27 force field39,40,41 was used for the entire complex. Due to the
relative novelty of the cisplatinated, carboplatinated and fluorinated uracil-containing
DNA, additional parameters based on pre-existing carboplatin, cisplatin, and FdU
parameters were used in topology generation and simulation42,13,26,20,8.

6.2.2 Structures

Simulations are based on the X-ray structure of the human MSH2/MSH6 protein
complex with heteroduplex DNA, RCSB PDB ID 208B15. The structure used in our
simulations has a truncated N-terminus. Residues that were excluded by truncating
the N-terminus are unstructured, and – while they do play a role in nuclear transport43

– they do not seem to have any other function. Thus, it is not expected that the
truncation of the N-terminus will affect the behavior of the protein complex in these
simulations. Hydrogen atoms were added using the hbuild facility of CHARMM44

since x-ray structures lack hydrogen atoms. In all of the systems, the MSH2 sub-
complex contains 855 residues, the MSH6 sub-complex contains 974 residues, the
DNA fragments contain 30 bases, and there are two ADP molecules bound to the
system.

The cisplatinated, carboplatinated, and matched fluorinated uracil DNA struc-
tures were built using the mismatched DNA structure15 as a template. In the cis-
platinated and carboplatinated DNA, the platinum atoms cross-links two adjacent
guanine bases. FdU is incorporated into the DNA as a non-canonical base, which
impedes replication in vivo 27,25,20. These cross-linked structures were fitted into the
binding pocket of the MutSα complex to maximize the structural overlap with the
mismatched DNA structure, followed by rotations and translations to minimize the
energy of the initial structure using the coordinate manipulation and energy mini-
mization features included in CHARMM39,40,41.

6.2.3 Solvation Conditions

All of these systems were then fully solvated in a cubic water box of size 138Å by 138Å
by 138Å with explicit TIP3P water using the VMD package45,46. After solvation, the
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systems were ionized using the VMD autoionize package to 0.15 mol/L NaCl.

6.2.4 Simulation Configuration

Here, we used ACEMD46, a simulation program specifically designed for molecular
dynamics simulations taking place on GPUs. The molecular dynamics simulations
were performed on Acellera Metrocubo workstations with Titan GPUs. These GPUs
have 2688 cores operating at 837 MHz for a theoretical floating point speed of 1.5
Teraflops and allowed for 11.5 ns per day on a single GPU for simulations of MutSα.

To begin our simulations, the water molecules in all systems were minimized for
100 cycles of conjugate gradient minimization, with a small harmonic force constant
on all protein atoms. This minimization ensures that the TIP3P water atoms were
distributed in a physical way, which prevented the introduction of perturbations due
to any initial un-physical configurations of water atoms such as steric clashes. All sys-
tems then underwent a small 250ps simulation in order to reach thermal equilibrium
using Berendsen pressure regulations with isotropic position scaling47,40. These simu-
lations used Berendsen pressure with ACEMD default parameters (target pressure of
1.01325 Bar relaxation time of 400fs) and Langevin damping (0.1/ps) for temperature
control46

Equilibration was performed by assigning atoms velocities from a Boltzman dis-
tribution for a given temperature every 1000 cycles in 25 K increments from an initial
temperature of 0 K to a final temperature of 300 K. Productions runs were performed
on all systems using 4 fs timesteps, which required hydrogen mass repartitioning, as
implemented in ACEMD46. To calculate VdW and electrostatic forces, we used a
cutoff distance of 9Å with a switching distance of 7.5Å. For longer range interactions,
we calculated electrostatics using a smooth particle mesh Ewald (SPME) summation
algorithm48,49. We ran two simulations of 250ns each system (i.e, 500ns per system),
saving data every 2500 time steps (10ps).

6.2.5 Processing and Analysis

To expedite memory and time-intensive analysis techniques, we resampled all tra-
jectories, keeping every tenth frame (i.e., 100ps per frame). We also removed water
and counter-ions prior to analysis. To focus on internal motions of the protein-DNA
complex, we aligned all frames in a given trajectory to the trajectory’s first frame
via in rigid body rotations and translations to minimize the RMSD of protein alpha
carbon positions. This alignment was carried out with the RMSD trajectory tool in
VMD45.

Hydrogen Bond Detection

We concatenated trajectories of common atoms from all six resulting simulations into
one trajectory file (15,000 frames comprising 1.5µs). In this concatenated trajec-
tory, we detected hydrogen bonds between polar atoms using the Python50 package
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MDAnalysis51,52. As input parameters, we defined a hydrogen bond as having a max-
imum heavy atom to heavy atom distance of 3.2Å and a maximum heavy atom to
hydrogen to heavy atom angle of 120 degrees – an intermediate strength hydrogen
bond53. We focused on various subsets of the complex’s hydrogen bonds, as detailed
in the results section.

We parsed the output of the MDAnalysis hydrogen bond detection algorithm into a
Pandas DataFrame54 for easy conversion to a comma separated value file compatible
with Matlab and the Statistics and Machine Learning Toolbox therein. For those
wishing to reproduce our hydrogen bond detection and parsing, we have made our
processing scripts and the underlying data available for free online via figshare55.

Decision Tree Learning

Using the output of the hydrogen bond detection and processing scripts55 and Mat-
lab’s Statistics and Machine Learning Toolbox, we trained a binary classification tree
using the presence of residue-residue hydrogen bonds in each frame as input features
and the name of damage type associated with each frame as the responses. We have
used the same terminology as the Matlab documentation to describe this process so
that readers who investigate the Matlab decision tree manual pages and help files will
be able to easily match our usage to Matlab documentation.

The input features were in the form of a two-dimensional matrix with a row
representing a trajectory frame and a column representing a possible hydrogen bond
interaction. Each entry in the matrix was a 1 or 0 indicating the presence or absence of
the specific hydrogen bond in that particular trajectory frame. The input responses,
or known correct labels, were the name of the damage in the simulation from which
a given frame came. Specifically, each frame from simulations with cisplatinated
DNA was labeled “cis;” each frame from simulations with carboplatinated DNA was
labeled “carbo;” and each frame from simulations with FdU-substituted DNA was
labeled “FdU.”

The Matlab command “fitctree” outputs a binary classification decision tree with
branching nodes that show the binary – yes or no – presence of features that lead to
a specific response. In the case of our data sets, the decision tree differentiates the
three types of damage based on the presence or absence of certain hydrogen bonds
(see Results). This machine learning technique allowed us to determine which residue-
residue interactions distinguished MutSα’s response to the three types of simulated
damage.

In addition to supplying the most likely label at the terminus (leaf ) of each path
in the decision tree, Matlab estimates the probability of each type of damage for
any frame that follows this path. In this case, we used a uniform prior probability
in calculating estimated probability for each leaf (the default option in Matlab’s
“fitctree” function). Therefore, estimated probabilities reported here were calculated
by [the number of frames in a given system that follow a given path] divided by [the
total number of frames across all systems that follow that path].

For training these classification trees, we used all default parameters, specifying
only the features (hydrogen bond trajectories) and responses (damage types) as in-
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puts. Matlab 2016a – used here – outputs an interactive decision tree plot that allows
users to explore various levels of pruning. Pruning reduces the depth of the decision
tree, collapsing data points in the removed level into the place in the next highest
level that creates the least amount of loss (classification error). Using the text-based
commands “prune” and “loss” in the Matlab Statistics and Machine Learning tool-
box, a user can calculate the percent of mislabeled frames given a certain pruning
level. We use these commands to simplify decision trees given various error tolerances
(see Results).

As an example of how to read the flow chart figures reporting the output of the
decision trees, Figure 6.2 indicates the damage type predicted by two-level decision
tree as the damage type with the highest estimated probability along with the proba-
bility of other types of damage. That is, decision output from Matlab and pruned to
2 remaining levels would label a frame with both a Thr781-ADP and a Ala517-Cyt
hydrogen bond as “Cis.” Using these highest likelihood labels, Matlab would correctly
label 80% of the frames (20% loss or classification error). In the MD data, 94.7% of
frames with these two hydrogen bonds were in the Cis trajectories, 4.0% were in FdU
trajectories, and 1.3% were in Carbo trajectories. Residues (or bases) involved in the
interactions described in the flow chart are in VDW representation. The description
of the interaction is shown directly adjacent to residues involved so that the reader
may easily see the domain and specific location of the relevant residues.

Note that these trees were fitted on all data points (as opposed to training on one
subset and validating on another), as our goal in using this machine learning technique
was to uncover in a programmatic, reproducible manner which residue interactions
distinguished the types of damage in our simulation data. We then investigate the
error created by various levels of pruning (see Results) to find two or three key residues
that are key in differentiating the types of damage. For these particular analysis goals,
there would be no benefit to separate training and validation sets.

For those wishing to reproduce our analysis, we have scripted this analysis process
and made those scripts along with the underlying data available only for free online
via figshare55. For those interested in the theoretical details of decision tree learning,
there are many recent, excellent reviews and introductory chapters56,57,58,59.

Non-Parametric Clustering

Using a recently developed unsupervised learning techniques, which is made effec-
tively non-parametric by the the use of sensible defaults, we explored overlap and
dissimilarities of MutSα’s conformational response to the three types of damage sim-
ulated here. Amorim-Hennig37 clustering requires the user to select a distance metric
in the form of a Minkowski Weight60,37. Here we chose a Minkowski weight of 2,
corresponding to Euclidean distance. We have previously detailed the particular ef-
fectiveness of these clustering methods on MD data38 and have made Python scripts
for applying both methods to MD trajectories available for free online via figshare61.
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Figure 6.2: Based on the presence of two hydrogen bonds Thr781 on MSH6 to an
ADP molecule and Ala517 on MSH2 to Cyt4 on the damage DNA our decision tree,
fitted on hydrogen bonds between the protein and the bound nucleic acids (including
ADP), correctly labels the type of damage in 80% of MD frames (and mislabels the
other 20%). How to read all such figures: The flow chart shown here indicates
the damage type predicted by two-level decision tree as the damage type with the
highest estimated probability (see Methods) along with the probability of other types
of damage. That is, decision output from Matlab and pruned to 2 remaining levels
would label a frame with both a Thr781-ADP and a Ala517-Cyt hydrogen bond as
“Cis.” In the MD data, 94.7% of frames with these two hydrogen bonds were in the
Cis trajectories, 4.0% were in FdU trajectories, and 1.3% were in Carbo trajectories.
Residues (or bases) involved in the interactions described in the flow chart are in
VDW representation. The description of the interaction is shown directly adjacent to
residues involved so that the reader may easily see the domain and specific location
of the relevant residues.

Correlated Motion and PCA

Using Pearson Correlation, we calculated a correlated motion matrix of protein alpha
carbons for each system and for the concatenated trajectory of all simulations. By
diagonalizing the resulting matrices, we performed Principal Component Analysis
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(PCA), which reduces the number of coordinates from 3× number of atoms to just a
few components capturing the majority of dynamic variance in the simulations (see
Results). By projecting the original trajectories onto the eigenvectors representing
the two highest-variance (largest eigenvalues) principal components, binning the the
projections with a two-dimensional histograms, and converting to free energy values
with

∆G = −kT ln
P

P0

(where k is Boltzmann’s constant, T is temperature (here 300K), P is the population
of a given bin and P0 is the population of the highest populated bin), we estimate a
free energy landscape for the protein’s dynamics.

To aid comparison across systems, we first calculated principal components for
the concatenated trajectory of two simulations for each of three damage types (6
simulations) to create a common basis set. We then projected coordinates from each
system individually, producing a free energy landscape for each of the three damage
types in a common space.

RMSF

For additional validation of the the machine-learning-based classification (based on
hydrogen bonds) and clustering analysis (based on atomic coordinates) and to exam-
ine the changes in relative flexibility of each MutSα and DNA residues in response
to varying the type of DNA damage, we calculate the per residue Root Mean Square
Fluctuation (RMSF) of each backbone alpha carbon using

RMSF =

√√√√ 1

N

N∑
tj=1

(~ri (tj)− ~ri′)2

where N is the total number of frames, tj is an instance in time, ~ri is the position of
atom i, and ~ri′ is the position of that atom in the average structure.

Coordinate Parsing and Distance Calculations

For RMSF analysis and non-parametric clustering we read atom positions into com-
puter memory and performed all necessary distance calculations using the MDTraj
Python package62. For PCA calculations, we read atomic coordinates into Matlab
2016a using MatDCD and produced free energy plots using in-house Matlab scripts,
which we have made avaialble online via figshare63.

6.2.6 Structure Visualization

We produced all structure images using VMD and Tachyon64. For figures indicating
conformational uncertainty using shadows, we individually rendered the representa-
tive (solid) structure and each frame in the shadows. We then combined the output
image files using Pillow, a fork of the Python Image Library. The images provide
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both a representative conformation for cluster as solid with shadows showing the full
width of the distribution so as to avoid deceiving a viewer into thinking the cluster is
a single conformer. The representative structure in each visualization is that with the
smallest RMSD from the average of all structures in the cluster. Additional technical
details of this visualization style and the underlying statistical reasoning for produc-
ing them has been previously detailed65. Our scripts for producing such images are
available online via figshare66.

6.3 Results

6.3.1 Hydrogen Bonds and Decision Trees

Fitting a decision tree to the binary hydrogen bond trajectory of interactions between
protein residues and nucleic bases (including adenine on the two ADP residues) from
the concatenated data of all systems yielded a decision tree with 37 levels of depth
that correctly labels the type of damage in 99.82% (i.e, 0.18% loss) of MD frames
(Supplementary Figure 6.19). Pruning by 12 levels yielded a tree with 1% loss (Sup-
plememtary Figure 11), and pruning by 31 levels yielded 5% loss (Supplementary
Figure 6.12). That is, using binary knowledge of the presence of at most 9 hydrogen
bonds we correctly label the damage type in 95% of MD frames. In fact, with knowl-
edge of just two sets of interacting residues, our decision tree – pruned to two levels
of depth – correctly labels the damage type in 80% of frames (Figure 6.2). These two
interactions that have the largest influence in differentiating the type of DNA damage
are (1) hydrogen bonding between Thr781 on MSH6 and an ADP molecule and (2)
Ala517 on MSH2 and Cyt4 on the damaged DNA.

For comparison, a similarly pruned decision tree fitted on only hydrogen bonds
between the protein and damaged nucleic acid double strand correctly labeled 74% of
frames (Supplementary Figure 6.13). A similarly pruned decision tree fitted on only
hydrogen bonds between the protein and the two ADP molecules correctly labeled
69% of frames (Supplementary Figure 6.14).

Fitting a decision tree on the binary hydrogen bond trajectory of interactions
between the two protein monomers (MSH2-MSH6) from the concatenated data of all
systems yielded a decision tree with 39 levels of depth that correctly labels the type
of damage in 99.91% (i.e, 0.09% loss) of MD frames (Supplementary Figure 6.15).
Pruning by 17 levels yielded a tree with 1% loss (Supplementary Figure 6.16), and
pruning by 30 levels yielded 5% loss (Supplementary Figure 6.17). That is, using
binary knowledge of the presence of at most 4 hydrogen bonds we correctly label
the damage type in 95% of MD frames. In fact, with knowledge of just three sets
of interacting residues, our decision tree – pruned to two levels of depth – correctly
labels the damage type in 82% of frames (Figure 6.3). The three interactions that
have the largest influence in differentiating the type of DNA damage are (1) hydrogen
bonding between Thr858 on MSH6 and Phe826 on MSH2, (2) Asn390 on MSH6 and
Gln718 on MSH2, and (3) Glu7 on MSH6 and Arg382 on MSH2.

Fitting a decision tree on the binary hydrogen bond trajectory of interactions
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Figure 6.3: Based on the presence of three hydrogen bonds Thr858 on MSH6
to Phe826 on MSH2, Asn390 on MSH6 to Gln718 on MSH2, and Glu7 on MSH6
to Arg382 on MSH2 our decision tree, fitted on hydrogen bonds between the two
protein monomers, correctly labels the type of damage in 82% of MD frames (and
mislabels the other 18%). For guidance on how to read this figure, see Methods and
the caption of Figure 6.2.

between protein residues and any other residue (including another protein residue) or
base (damaged double strand or either ADP molecule) from the concatenated data
of all systems yielded a decision tree with 21 levels of depth that correctly labels
the type of damage in 99.96% (i.e, 0.04% loss) of MD frames (Supplementary Figure
6.18). Pruning by 10 levels yielded a tree with 1% loss (Supplementary Figure 6.19),
and pruning by 15 levels yielded 5% loss (Supplementary Figure 6.20). That is, using
binary knowledge of the presence of at most 3 hydrogen bonds we correctly label
the damage type in 95% of MD frames. In fact, with knowledge of just two sets
of interacting residues, our decision tree – pruned to two levels of depth – correctly
labels the damage type in 86% of frames (Figure 6.4). The three interactions that
have the largest influence in differentiating the type of DNA damage are (1) hydrogen
bonding between Thr858 on MSH6 and Phe826 on MSH2, (2) Asn390 on MSH6 and
Gln718 on MSH2, and (3) Glu7 on MSH6 and Arg382 on MSH2.
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Figure 6.4: Based on the presence of two hydrogen bonds Thr858 on MSH6 to
Phe826 on MSH2 and Arg220 on MSH6 to ASP215 also on MSH6 our decision tree,
fitted on hydrogen bonds between any protein residues and any other residue or base
(including another protein residue), correctly labels the type of damage in 86% of
MD frames (and mislabels the other 14%). For guidance on how to read this figure,
see Methods and the caption of Figure 6.2.

6.3.2 RMSF

Calculating the root mean square fluctuation of protein alpha carbons in each sim-
ulated system indicates that damage type correlates to to a change in mobility of
certain MutSα regions (Figure 6.5). While all three systems show a spike around
residue 1450 (Asn599 in the the clamp domain of MSH6), when MutSα is exposed
to carboplatinated DNA, this mobility expands to MSH6 residues between Ala579
and Lys670, which involves both the clamp the lever domains (Figure 6.5a and d).
Cisplatinated DNA evokes a similarly unique response, causing a spike in mobility
of MSH6 residues between Lys9 and Met49 in the mismatch binding domain (Figure
6.5b and d). In the Cis system, we also see a spike for MSH2 residues between Lys235
and Leu270 (Figure 6.5b and d) in the connector domain. This spike is larger for the
FdU system (Figure 6.5c and d). As an additional response to FdU, we also see
stabilization of residues in the ATP-ase domain of MSH6.
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Figure 6.5: Comparison of RMSF (a-c) of protein alpha carbons reveals generally
similar regions of flexibility in each system. However, the Cis (b) and FdU systems
(c) have distinct peaks, indicating uniquely mobile regions. While the highlighted
region in the Carbo system (a) is roughly the same magnitude in value as the other
systems (b-c), there are more residues within the peaked region in the Carbo system
(a). This same region also has a slightly narrower but taller peak in the Cis system
(b). Additionally, we see stabilization in the ATP-ase domain of MSH6 in response
to FdU-substituted DNA (c-d). For reference, residues in the highlighted portions of
the plots are shown with matching colors on the crystal structure (d) with the nucleic
acid colored purple for emphasis. These regions are residues between (a) Ala579 and
Lys670 in the lever and clamp domains of MSH6 for the Carbo system, (b) residues
between Lys9 and Met49 in mismatch binding domain of MSH6, and (c) residues
between Lys235 and LEu270 in the connector domain of MSH2 and between Gln919
and Ala959 of the ATPase domain of MSH6 for the FdU system.

6.3.3 PCA and Binding Site Structures

Using an aligned trajectory of coordinates concatenated from all simulations (6), we
created a common basis set for projecting coordinates of all systems into a two-
dimensional space. We use the two principal components that explain the highest
amount of variance (totaling 43%). Projecting both the concatenated trajectory of
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all simulations and separately the coordinates from each simulated system (Carbo,
Cis and FdU), we see that each system explores a distinct segment of the reduced-
dimension space (Figure 6.6).

Figure 6.6: By projecting each system onto the common basis set formed by decom-
posing the covariance matrix of the concatenated trajectory of all systems, we see that
each system enters a distinct region of the free energy map while having a common
well. The crystal structure (initial coordinates for each simulation) is marked with
black star in the first panel near coordinates (10, 50). Each color-coded and labeled
set of x’s is one structural cluster, based on residues near the damaged DNA. The
cluster numbers correspond to those in Figure 6.7. We plot these additional points
here to demonstrated how similarly binding site clustering and a PCA histogram par-
tition the trajectories. From this comparison, we see that binding site motions are
the primary cause of the various free energy wells in PCA1-2 space.

The free energy surface created by projecting the concatenated trajectory of all
simulations (Figure 6.6a) is of course, fictitious, as no single system could visit all
coordinates on the surface. That is, no system would be ergodic in the space used to
create that surface. However, by creating this landscape using coordinates from all
trajectories, we can see the kinetic overlap – or lack thereof, among the three systems.
For reference, we mark the coordinates of the crystal structure on the fictitious free
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energy landscape – coordinates (10, 50) on Figure 6.6a.
By comparing the free energy landscape of the concatenated trajectory (Figure

6.6a) to the free energy landscape of the individual systems (Figure 6.6b-c), we see
that while there is a shared segment of the landscape near the coordinates of the
crystal structure, each system does explore a unique portion of the space.

By plotting the coordinates of Amorim-Hennig heavy atom clusters of residues
with any atom within 10 angstroms of the DNA onto the (alpha-carbon-coordinate-
based) PCA1-2 space of each system (Figure 6.6b-c), we see that the binding site
clustering forms a partition similar to that of the distinct wells seen in the free energy
landscape. From this overlap of partitions we infer that the the motion of protein
residues near the damaged DNA is responsible for the various free energy wells the
system enters.

Visualizing the representative conformations of these binding site clusters and
along with the underlying structural distributions (Figure 6.7), we see that each sys-
tem’s binding site enters distinct conformations for large portions of their respective
trajectories. We also see that portions of these trajectories have significant structural
overlap across systems – in terms of the residues near the damaged DNA. Amorim-
Hennig clustering placed frames from the Carbo simulations in clusters 0 (45.86% of
Carbo frames), 2 (39.90%), 7 (10.50%), 9 (0.02%), and 10 (3.72%). Frames from Cis
simulations were placed in clusters 4 (40.36% of Cis frames), 6 (36.22%), 7 (16.18%),
and 10 (7.24%). Frames from the FdU simulations were placed in clusters 1 (36.40%
of FdU frames), 3 (16.08%), 5 (22.00%), 7 (0.70%), 8 (10.94%), and 9 (13.88%).

6.3.4 Correlated Motions

Correlated motion analysis reveals a distinct communication pattern associated with
each type of DNA damage (Figure 6.8). In response to carboplatinated DNA, we see
small regions of relatively strong correlation among residues of the lever, clamp and
ATP-ase domains (Figure 6.8a). These correlated regions broaden to more residues
and increase in relative strength in these domains in response to cisplatinated DNA
along with the emergence of strong correlations across monomers in the connector
and mismatch binding domains (Figure 6.8b). While these correlations across the
two monomers are greatly reduced in the FdU system, we see stronger correlations
in the connector domain of MSH2 in response to FdU substitution (Figure 6.8c).

6.3.5 Phe Stacking

Phe71 and Glu73 on MSH6 have been previously implicated in mismatch recognition
and repair8,67,68,36. Amorim-Hennig clustering on heavy atoms of these two residues
revealed that the phenylalanine residue assumes a conformation suited for stacking
with base complimentary to the damaged base predominantly in simulations of Carbo
and Cis systems. Such a Phe conformation for stacking occurs in in 88.74% of Carbo
frames, 91.46% of Cis frames, and 7.1% of FdU frames. A conformation suited for
stacking with the damaged base occurs in roughly 62.18% of FdU frames (Figure 6.9).
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Figure 6.7: Visualization of structural clusters of residues with any atoms within
10 angstroms of the bound nucleic acid reveals MutSα’s local response to various
types of DNA damage. The cluster numbers here correspond to the labels in Figure
6.6. Amorim-Hennig clustering placed frames from the Carbo simulations in clusters
0 (45.86% of Carbo frames), 2 (39.90%), 7 (10.50%), 9 (0.02%), and 10 (3.72%).
Frames from Cis simulations were placed in clusters 4 (40.36% of Cis frames), 6
(36.22%), 7 (16.18%), and 10 (7.24%). Frames from the FdU simulations were placed
in clusters 1 (36.40% of FdU frames), 3 (16.08%), 5 (22.00%), 7 (0.70%), 8 (10.94%),
and 9 (13.88%). By plotting frames from these clusters on the estimated free energy
landscape using the dominant principal components (Figure 6.6), we see that binding
site motions are the primary cause of the various free energy wells in PCA1-2 space.
The solid structure in each cluster visualization is the trajectory frame with the
smallest RMSD from the average of all structures in the cluster. Shadows are all
frames in the cluster, so that the reader may gauge the width of the distribution65.

6.4 Discussion

Across all the analysis techniques detailed above, we consistently see that each of
the three drugs – carboplatin, cisplatin and FdU – induces a distinct perturbation
in MutSα. Each drug altered the dimer’s hydrogen bond network in ways easily
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Figure 6.8: Analysis of correlated motions of common alpha carbons across all
three systems reveals the response of the protein’s long-range residue communication
network to the three types of DNA damage. The Carbo system (a) exhibits pockets
of strong correlation in the lever, clamp and ATP-ase domains. Correlation of these
regions involves more residues and is of greater intensity in the Cis system (b). In
this system, we also see correlations across monomers emerge in the connector and
mismatch binding domains, which is greatly reduced in the FdU system (c). However,
we see greater correlation in the connector domain in MSH2 (but not MSH6) in the
FdU system (c). For reference, the protein crystal structure colored by domain is
shown in panel (d) with the same colors as in Figure 6.1. These colors are also used
on the axes of panels (b) and (c) to indicate the domain that corresponds to the
residue number in panel (a).

distinguished by knowledge of a few key residue interactions. All three drugs altered
residue mobility across multiple domains in distinct ways. MutSα explored a different
part of its free energy landscape based on the type of damage in the bound DNA.
Patterns of long and short range correlated residue motion changed dramatically
across the various types of damage. Three types of nucleic acid interaction with
Phe71 on MSH6 emerged, two of which occur in Carbo and Cis systems with the
third occurring almost exclusively in the FdU system. In this section, we will first
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Figure 6.9: Amorim-Hennig clustering on heavy atoms of Phe71 and Glu73 on
MSH6, previously implicated in mismatch recognition and repair8,67,68,9,11, reveals the
local structural response of the protein to the three types of DNA damage. In cluster
0 through 3 (a-d), we see the aromatic ring on phenylalanine stacking with either the
damaged base (b) or the the complimentary base to the damaged base (a, c, and d).
Phe and Glu enter the conformation shown in panel (a) in 12.28% of Carbo frames,
46.90% of Cis frames and 1.72% of FdU frames; (b) in 11.12% of Carbo frames, 8.52%
of Cis frames, and 62.18% of FdU frames; (c) in 36.88% of Carbo frames, 43.98% of
Cis frames, and 5.38% of FdU frames; (d) in 39.58% of Carbo frames and 0.58%
of Cis frames; (e) in 0.14% of Carbo frames, 0.02% of Cis frames, and 30.72% of
FdU frames. In these visualizations, the damaged DNA structure is taken from the
cluster’s representative frame. Damaged bases and their complimentary bases are
shown as solid CPK representation with all other nucleic bases shown with shadow.
Platinum atoms in frames from Carbo and Cis systems are colored a dark gold. In
FdU systems, the fluorine atom is shown in VDW representation for emphasis. Phe71
and Glu73 are shown in solid bonds representation. Camera perspective is adjusted
in each panel to show Phe stacking (a-d) or lack thereof (e).

discuss the implications of these results for each drug followed by general insights
about the MSH26 complex gained in our investigation.
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6.4.1 Response to carboplatinated DNA

In this study, we saw multiple kinetic and structural factors distinguishing MutSα’s
response to carboplatinated DNA. The presence of hydrogen bonds between Thr781
on MSH6 and ADP, Thr858 on MSH6 and Phe826 on MSH2, and Glu7 on MSH6 and
Arg382 on MSH2 were key in distinguishing the Carbo system from the other types
of simulated damage (Figures 6.2, 6.3 and 6.4. In part, these results indicate a given
damage type induces a specific interaction between the protein ATP-ase domain and
nearby ADP molecules. The importance of ATP/ADP binding as a response to DNA
mismatch and damage has been experimentally demonstrated69,68,70,71,6,11,4,3,72, and
the force field parameters used in our simulations have been previously validated as
consistent with these experimental results36,8,13,8,10,73,14. In this present study, we add
– by way of binary classification trees - the insight of which particular residues in the
ATP-ase domain (and other domains) are most influential in distinguishing the type
of damage.

The decision tree methodology discussed in this work cannot by itself indicate a
causal link between these hydrogen bonds and response to damage. However, the fact
that Thr781 on MSH6, Thr858 on MSH6 and Phe826 on MSH2 so clearly separated
out the Carbo systems suggest that these residues would be good initial candidates
for future mutation studies, examining the change in repair and apoptosis signaling
when these residues are not present. From the decision tree fitted on our MD data,
we would expect mutations of these residues to confer resistance to carboplatin.

Calculation of alpha carbon RMSFs (Figure 6.5a) indicates that MutSα’s response
to carboplatinated damage involves mobilizing more protein residues near the DNA
than does its response to the other two types of damage. Correlated motion analysis
is consistent with the RMSF results, as we see more residues involved in the highly
correlated region of the MSH6 mismatch binding domain along with a circular blip of
highlighted correlated residues near coordinates (1500, 600) and (600, 1500) in Figure
6.8, which are residues the clamp and lever domains of both monomers. This cluster
of highly correlated residues is larger and has greater intensity than in the correlation
matrices of the other two systems. From these results, we see that carboplatinated
DNA has a greater local effect on protein residues than the other two systems in
which we see more long range, allosteric effects.

Experimental work has shown that MutS attempts to bend DNA through motion
of the mismatch binding and clamp domains as part of the mismatch recognition
process74,1. Mobilization of these same residues in the simulated Carbo system shows
overlap between the response to carboplatinated DNA and mismatched DNA. This
overlap indicate that MutSα may sometimes enter a repair-signaling conformation in
response to carboplatin rather than a death-signaling conformation. The PCA free
energy landscapes in panels (a) and (b) of Figure 6.6 lend credence to this hypothesis.
The Carbo system has a shallow free energy well near the coordinates of the crystal
structure, which is known to be in a mismatch-repair-signaling conformation15. That
is, we see the Carbo system entering conformations similar to the known mismatch
response. This observation is consistent with previous computational studies that
showed a higher overlap of carboplatin-mismatch recognition conformations (55%)
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than of cisplatin-mismatch overlap (45%)36,10.
Additionally, PCA and Amorim-Hennig clustering (Figures 6.6b and 6.7) indi-

cate that while there is some structural and kinetic overlap with the Cis and FdU
systems, carboplatinated-DNA-bound MuSα enters a region of conformation space
and principal-component space distinct from those regions entered in the other two
systems. That is, carboplatinated DNA induces unique structures and kinetics. By
examining the overlap of the PCA free energy wells with clustering on binding site
residues, we see that the motion of binding site residues is primarily responsible for
the kinetic variance seen in PCA free energy landscape. Available experimental data
suggests that there are distinct differences in the protein complex’s response to carbo-
platin compared to cisplatin19,75,16,76,34. However, experimental atomic-level details of
kinetic differences are not yet available for comparison to the MD predictions reported
here.

More specifically, from clustering on heavy atoms of Phe71 and Glu73 on MSH6
we see both the Carbo and Cis systems distinguished from the FdU system by the
stacking of Phe71’s aromatic ring with the nucleic base complimentary to the dam-
aged base. Phe71 is in a stacking conformation in 88.74% of trajectory frames, in-
dicating that carboplatinated DNA is highly likely to induce this conformation. In
previous experimental and computational studies of MutSα’s response to mismatched
DNA, Phe71 was observed to stack with one of the mismatched bases8,67,68,36,11. In
the presence of carboplatinated DNA, we see Phe71 stacking primarily with a base
complimentary to the damage base.

6.4.2 Response to cisplatinated DNA

The binary classification trees describing the hydrogen bonding patterns in our sim-
ulations indicate that MutSα’s response to cisplatinated DNA is distinguished by
the presence of hydrogen bonds between Thr781 on MSH6 and ADP, and Ala517
on MSH2 and Cyt4 on the damaged DNA. The decision tree fitted on inter-subunit
interactions (Figure 6.3) between the two protein monomers indicates that the Cis
system is distinguished more by a lack of protein-protein interactions than by their
presence. That is, exposure to cisplatinated DNA disrupts the hydrogen bonds be-
tween the two protein monomers. This result is consistent with experimental work
showing that cisplatin either altered or removed most inter-subunit interactions8.
This previous study indicates that the loss or change of inter-subunit interaction in
the ATP-ase domain was particularly pronounced with cisplatinated DNA, consistent
with the decision pathway to Cis in Figure 6.3. Furthermore, mutation studies fo-
cusing on the ATPase domain have demonstrated it plays a key role in the damage
response and repair pathways11

While the Cis system was differentiated more by the absence of certain hydrogen
bonds than the presence, the protein residues Thr781 and Ala517 in these hydrogen
bond pairs would be our suggested candidates for an initial mutation study. Addition-
ally, in a previous computational study with simulations on a shorter – nanosecond
– timescale, the Thr781 residue was implicated in MutSα’s response to mismatched
and cisplatinated DNA9, indicating that this residue has a role to play across multiple
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timescales.
RMSF analysis indicates that exposure to cisplatinated DNA increases the mobil-

ity of residues in the mismatch binding domain. A previous mutation study supple-
mented by MD calculations suggested that structural response to cisplatinated DNA
is localized to the ATPase domain8. However, our calculations predict the most dra-
matic change in the mismatch binding domain, and in fact, Cis has the most instances
and highest valued cross-domain correlation of alpha carbon motion (Figure 6.8b).
This disagreement of results is likely due to the computational power available at the
time of the previous study, which produced 1.6ns of MD data. A decade later, we are
able to produce 300 fold more data, observing much longer timescale events. On a
1ns timescale, the allosteric effects of cisplatin may be localized to the ATP-ase do-
main; however, we predict on the 100ns timescale that these effects spread to multiple
domains.

Another experimental study shows structural changes across the connector and
lever domains in response to cisplatinated DNA11. Our prediction of increased corre-
lated motion in these and other domains in the Cis system is consistent with the exper-
imental results. Other experimental studies have indicated the MSH2 is not involved
in apoptotic signaling in response to cisplatinated DNA11,77. In fact, one mutation
study that removed the MSH2 ATP-ase domain entirely still observed MSH-induced
cell death in response to cisplatinated DNA77, lending confidence to our prediction of
MutSα response to cisplatin across other subunits in addition to the ATP-ase domain.

We also see that, similar to the Carbo system, the Cis system explores a portion
of the PCA-based free energy landscape near the crystal structure (Figure 6.6a-c).
These results are, again, consistent with previous calculations indicating 45% overlap
between cisplatin-induced structures and mismatch-induced structures36,10. From
these free energy landscapes we also see some overlap of the Carbo and Cis systems
near the coordinates of the crystal structure. Therefore, we infer that similar to the
Carbo system, MutSα sometimes enters a repair-signaling conformation in response
to cisplatinated DNA. However, the PCA free energy landscapes and heavy-atom
clustering on protein residues near the damaged DNA indicate that both systems
enter unique conformations (Figures 6.6 and 6.7). The dominant free energy wells
corresponding to binding site clusters 2 and 0 (Figure 6.6b) in the Carbo system are
structurally and kinetically distinct (compare Figures 6.6 and 6.7) from the dominant
free energy wells of the Cis system – clusters 6 and 4, consistent with experimental
studies indicating distinct responses to carboplatin and cisplatin19,75,16,76,34.

The key phenylalanine residue enters a stacking conformation with the base com-
plementary to the cisplatin-containing base in 91.46% of trajectory frames with cis-
platinated DNA (Figure 6.9). Stacking of Phe71 with the strand opposite the dam-
aged base in response to cisplatinated DNA was predicted by a previous computa-
tional work8. Experimental mutation of this Phe residue to Ala indicated that the
Phe residue is not necessary for cisplatin-induced apoptosis8. Therefore, whatever
the in vivo role of Phe71 stacking with the complimentary base in response to cis-
platined DNA might be, it is clearly not critical for death signaling as suggested by
early simulation work8.
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6.4.3 Response to FdU-substituted DNA

The binary classification trees describing the hydrogen bonding patterns in our simu-
lations indicate that MutSα’s response to FdU-substituted DNA is distinguished by
the presence of hydrogen bonds between Thr858 on MSH6 and Phe826 on MSH2,
Gln718 and Asn390, and Arg220 and and ASP215 (Figures 6.2-6.4). We suggest
these residues as initial candidates for a future mutation study. Additionally, across
all three decision trees, FdU consistently had the highest likelihood, indicating that
FdU was the most cleanly separated and easily distinguished system in terms of
hydrogen bond motifs. This ease of differentiation makes intuitive sense, as FdU-
substitution is a distinctly different type of damage from the metal-DNA cross-linked
adducts of cisplatin and carboplatin.

Exposure to FdU-substituted DNA increases the mobility of residues in the con-
nector domain of MSH2 and decreases that of the ATP-ase domain of MSH6 (Figure
6.5c). The increased mobility of the connector domain is consistent with the localized
increase in correlated motions (Figure 6.8c). We also see that the MSH2 connector do-
main has greater overall correlation with all domains relative to the other two systems
(Figure 6.8), further indicating the MSH2 connector residues are key in MutSα’s re-
sponse to FdU. This MSH2-focused, increased-mobilization response to FdU but not
carboplatin or cisplatin is consistent with experimental work showing that MSH2 is
not involved in the response to platinum DNA damage77. Furthermore, the original
work reporting the crystal structure for MutSα bound to mismatched DNA indicates
conformational shifts in the connector domain15 – similar to the increased flexibil-
ity of the connector domain predicted by our MD calculations – in response to FdU
(Figure 6.5c-d). That is, the FdU-response of MutSα appears to be repair-signaling.
This inference is consistent with other experimental studies showing MMR is able to
repair fluorouracil-containing DNA78,79,23,80,30,81,82.

At first blush, this inductive conclusion seems at odds with the known cytotoxicity
of flouridated uracils20,21,24,27,31,22,25,28,26,30,23,32,33. However, there are two facets to
consider. First, the experimental studies showing that MMR pathways can repair
FdU-substituted DNA suggest cytotoxicity is caused by secondary events – such as
depletion of the thymine pool or futile cycling in thymineless conditions – leading
to apoptosis78,82,25,30,23,22,20,24,27,26. Additionally, our heavy-atom clustering of Phe71
and Glu73 indicates that Phe enters a stacking conformation similar to that observed
in MMR. We observe this mismatch-repair-like stacking with the damaged base – as
opposed to its complement8,67,68,36 – in roughly 2/3 of FdU frames with no stacking
in the remaining 1/3. From these calculations, we infer that FdU does not always
cause repair signaling, but may be inducing a death-signaling conformation roughly
1/3 of the time.

If FdU is inducing a repair-signaling conformation, our PCA free energy land-
scapes and binding site clustering results indicate it is distinct from the mismatch-
repair-signaling conformation in the crystal structure15 used here for initial coordi-
nates. The free energy landscapes show no exploration of the region near the PC1-2
coordinates of the crystal structure (Figure 6.6a and c). Therefore, we would predict
that if solved, a crystal structure of MutSα bound to FdU-substituted DNA would
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have significant structural differences from that of the structure bound to mismatched
DNA despite the fact that both systems are capable of signaling a repair pathway.

6.4.4 Conclusions

Across all three systems, we saw evidence of MutSα entering repair conformations
for some fraction of MD frames. These results do not necessarily mean that the
heterodimer would signal repair in response to all types of damage; instead, they may
indicate that the protein is searching for the appropriate conformation to respond
to the type of damage, and that search involves exploring repair conformations in
addition to death-signaling. From all analysis techniques, we see indications that each
system explores its own portion of conformation space (Figures 6.2-6.7 and engages
in unique kinetics (Figures 6.6 and 6.8), indicating distinct perturbations induced by
each type of damage.

Our MD calculations and binary decision tree fittings establish hydrogen bond
motifs as clear distinguishing characteristics of MutSα’s response to each type of
DNA damage. With knowledge of just 2 or 3 hydrogen bonds, these decision trees
can correctly label the damage type up to 86% of MD frames, further indicating that
each type of damage is inducing its own, unique response and likely signaling a unique
cellular response pathway (or set of pathways) in vivo.

We also see from Amorim-Hennig clustering that Phe stacking with bases on the
bound damaged DNA has some role to play in responding to each type of damage.
Though, that role is not ultimately critical to the signaling of the repair or death
pathways. We also find the similarity between the phenylalanine’s response to FdU
and its known response to mismatched DNA striking (Figure 6.9), especially given
that PCA indicates that FdU never explores the mismatch-repair-signaling portion
of PC1-2 space (Figure 6.6).

The predictions from MD calculations presented here are consistent with the avail-
able experimental data. However, through the ”computational microscope”83,84 of
MD, we both contribute atomic level details of known MutSα damage responses and
suggest areas of further investigation for future experimental studies on aspects of
damage response that have not been previously investigated. We also present novel
applications of decision tree learning and the recently developed Amorim-Hennig clus-
tering technique to MD data, hoping to inspire not only further research on MutSα’s
damage response but also wider usage of these machine learning techniques for sys-
tematically and reproducibly analyzing macromolecular data.
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6.8 Supplementary information

Figure 6.10: Fitting a decision tree on the binary hydrogen bond trajectory of
interactions between protein residues and nucleic bases (including adenine on the two
present ADP residues) from the concatenated data of all systems yielded a decision
tree with 37 levels of depth that correctly labels the type of damage in 99.82% (i.e,
0.18% loss) of MD frames.
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Figure 6.11: Pruning the decision tree in Supplementary Figure 6.1 by 12 levels
yielded a tree with 1% loss.

Figure 6.12: Pruning the decision tree in Supplementary Figure 6.1 by 31 levels
yielded a tree with 5% loss.
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Figure 6.13: Based on the presence of two hydrogen bonds Ala517 on MSH2 to
Cyt4 on the damaged DNA and Lys6 on MSH2 to Gua11 on the damaged DNA our
decision tree, fitted on hydrogen bonds between the protein and the damaged DNA,
correctly labels the type of damage in 74% of MD frames (and mislabels the other
26%). For guidance on how to read this figure, see Methods and the caption of Figure
2.
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Figure 6.14: Based on the presence of two hydrogen bonds Thr781 on MSH6 to
one ADP molecule and Thr677 on MSH2 to the other ADP molecule our decision
tree, fitted on hydrogen bonds between the protein and ADP molecules, correctly
labels the type of damage in 69% of MD frames (and mislabels the other 31%). For
guidance on how to read this figure, see Methods and the caption of Figure 2.
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Figure 6.15: Fitting a decision tree on the binary hydrogen bond trajectory of
interactions between the two protein monomers (MSH2-MSH6) from the concatenated
data of all systems yielded a decision tree with 39 levels of depth that correctly labels
the type of damage in 99.91% (i.e, 0.09% loss) of MD frames.

Figure 6.16: Pruning the decision tree in Supplementary Figure 6.6 by 17 levels
yielded a tree with 1% loss.
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Figure 6.17: Pruning the decision tree in Supplementary Figure 6.6 by 30 levels
yielded a tree with 5% loss.

Figure 6.18: Fitting a decision tree on the binary hydrogen bond trajectory of in-
teractions between protein residues and any other residue (including another protein
residue) or base (damaged double strand or either ADP molecule) from the concate-
nated data of all systems yielded a decision tree with 21 levels of depth that correctly
labels the type of damage in 99.96% (i.e, 0.04% loss) of MD frames.
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Figure 6.19: Pruning the decision tree in Supplementary Figure 6.9 by 10 levels
yielded a tree with 1% loss.

Figure 6.20: Pruning the decision tree in Supplementary Figure 6.9 by 15 levels
yielded a tree with 5% loss.
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Chapter 7

Using correlated motions to
determine sufficient sampling times
for molecular dynamics

This chapter contains stylistic variations (e.g., number of columns and citation style)
from the submitted manuscript:

Melvin, R. L., Xiao, J., Berenhaut, K.S., Godwin, R. C., Salsbury, F.R. Jr. (2017)
Using correlated motions to determine sufficient sampling times for molecular dynam-
ics. PRL. Submitted.

Abstract

Here we present a novel time-dependent correlation method that provides insight into
how long a system takes to grow into its equal-time (Pearson) correlation. We also
show a novel usage of an extant time-lagged correlation method that indicates the time
for parts of a system to become decorrelated, relative to equal-time correlation. Given
a completed simulation (or set of simulations), these tools determine (1) how long of
a simulation of the same system would be sufficient to observe the same correlated
motions, (2) if patterns of correlated motions observed indicate events beyond the
timescale of the simulation, and (3) how long of a simulation is needed to observe
these longer timescale events.

7.1 Letter

What level of sampling is sufficient in molecular dynamics (MD) simulations is a
recurring, open question (see for example1,2,3). Especially when limited by compu-
tational resources, a choice often must be made between running few long-timescale
simulations to capture rare conformations and slow events or running many short
simulations for stronger statistics. Here we present two tools that will aid researchers
in this decision.
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Extant methods for addressing issues of sufficient sampling in MD tend to modify
the method of sampling itself. For example, umbrella sampling techniques modify a
system’s potential in order to access regions of conformation space that traditional
MD might not reach under limited sampling. For a thorough discussion of such
techniques, see4,5 and the citations therein. Another popular technique – replica
exchange Markov chain Monte Carlo sampling (also called parallel tempering) – runs
multiple simulations in parallel at various temperatures and exchanges conformations
among them6,7.

Rather than adjusting the sampling method, we take on the issue of determining
how much sampling is sufficient for a given system in the absence of experimental
guidance. If experimental data is available and indicates the physiological time for
some process, that information provides the best possible guidance for how much
simulated time is needed; see for example8,9,10,11,12,13,14,15,16,17,18,19,3. However, for
systems or processes without clear experimental data, researchers are left to make
educated guesses at sufficient timescales for their simulations. The two techniques we
present here refine such initial guesses. Given a completed pilot simulation (or set of
simulations), the methods presented here determine (1) how long of a simulation of
the same system would be sufficient to observe the same correlated motions as seen
in the pilot simulation(s), (2) if patterns of correlated motions observed in the pilot
simulation(s) indicate events beyond the timescale of the simulation(s), and (3) how
long of a simulation is needed to observe these longer timescale events.

We first perform this analysis using a well-established time-lagged correlation
technique (see for example20 and the citations therein), which modifies Pearson cor-
relation to ask how is atom j at time α correlated to atom k at time α + τ . By
calculating the correlation coefficient of the time-lagged correlation matrix with the
equal time (also called Pearson21,22) correlation matrix for various values of τ and
various systems (Figure 7.1), we see roughly exponential decay of correlated motions
from the equal time correlations. Mathematically, such a decay pattern is expected
as the correlation matrices are exactly the same at τ = 0. We can then fit exponen-
tial curves (supplemental Figures 7.3-5) to these data sets to estimate the number of
events (number of exponential terms needed) and the timescale of these events (decay
constant for a given exponential term).

We also introduce a new time-lagged correlation measure that we have termed
Correlation Propagator. Let rα be the M×3 vector of atom positions (e.g., Cartesian
coordinates) at time α for M atoms in a trajectory of N steps. Let τ be a user-
specified lag time of interest. Then, define the vector

Pα,τ ≡ rα − rα+τ ,

which is an M × 3 vector. We then define the correlation propagator to be the time-
averaged dot product of this vector with itself. That is, let i index dimensions (e.g., 1
to 3 for Cartesian coordinates x, y and z) and j and k index atoms in the trajectory
(i.e., the rows of rα) then the correlation propagator is

Cj,k ≡
∑N−τ

α=1

∑3
i=1 Pα,τ

j,i Pα,τ
k,i

N − τ .
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Figure 7.1: Correlation coefficients of time-lagged correlation matrix at a series of τ
values to the typical equal time correlation matrix are presented for (a-b) therapeutic
DNA strand F10 in physiological solvents, NEMO zinc finger with (c) and without
(d) a bound zinc ion, Thrombin in a (e) stabilizing and (f) destabilizing solvent, and
MutSα with (g) cisplatinated DNA and (h) carboplatinated DNA. Bars are standard
error.
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By calculating the correlation coefficient of the correlation propagator matrix with
the equal time correlation matrix for various values of τ and various systems (Figure
7.2), we see roughly exponential convergence to the typical equal time correlation
matrix. Intuitively, this convergence makes sense, as we would expect rα+τ to go
to the average position vector for large values of τ . We can then fit exponential
curves (supplemental Figures 7.6-8) to these data sets to estimate the number of
events (number of exponential terms needed) and the timescale of these events (decay
constant for a given exponential term).

In the case of a relatively unstructured23 nucleic acid strand in two physiological
solvations conditions, we see growth into the equal time correlation on a timescale
of nanoseconds (Figure 7.2a-b and supplemental Figures 7.6a-b, 7.7a-b and 7.8-ab),
indicating this would be a system where many short simulations would be appropri-
ate. In the case the small, structured NEMO zinc finger with a bound zinc ion, we
predict that 500 ns simulations are needed. In the case of the zinc-unbound case,
which is known to be less stable24,25, we see indications of a nanosecond-scale process
observable with relatively short simulations (Figure 7.2c-d and supplemental Figures
7.6c-d, 7.7c-d and 7.8c-d).

A similar story emerges in the case of Thrombin, where the presence of the known
stabilizer sodium produces longer timescale process than destabilizing26 potassium
(Figure 7.2e-f and supplemental Figures 6.6e-f, 7.7e-f and 7.8e-f). In the case of a
large protein complex, MutSα, exponential fitting predicts one roughly 50 ns process
and one microsecond timescale process for both types of DNA damage investigated
– cisptlatinated (Figure 7.2g and supplemental Figures 7.6g, 7.7g and 7.8g) and car-
boplatinated (Figure 7.2h and supplemental Figures 7.6h, 7.7h and 7.8h) DNA. The
second process is beyond the time simulated in the pilot simulations, indicating much
longer simulations are needed for this system. In the eight brief case studies presented
here, we see the utility of this technique in predicting how long a simulation is needed
to observe the correlated motions observed in the pilot simulations and the timescales
of events indicated by exponential fitting.

All MD simulations presented here were run in ACEMD27 with standard protocols.
Details are provided in supplemental information. For all figures, data are truncated
at the maximum (Figure 7.2) or minimum (Figure 7.1) y-axis value.
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Figure 7.2: Correlation coefficients of the correlation propagator at a series of τ
values to the typical equal time correlation matrix are presented for (a-b) therapeutic
DNA strand F10 in physiological solvents, NEMO zinc finger with (c) and without
(d) a bound zinc ion, Thrombin in a (e) stabilizing and (f) destabilizing solvent, and
MutSα with (g) cisplatinated DNA and (h) carboplatinated DNA. Bars are standard
error.
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7.3 Supplementary information

7.3.1 Supplemental figures

7.3.2 MD simulation methods

General computational methods

All protein simulations were run under the isothermal-isobaric ensemble (NPT) in
ACEMD27; F10 simulations were run under the canonical ensemble (NVT), the rec-
ommended ensemble for ACEMD27. Damping via a Langevin thermostat28 main-
tained target temperature of 300 K via a damping coefficient of 0.1. A Berendsen
pressure piston29 held all systems at roughly 1.01325 Bar using a relaxation time
of 400fs. Hydrogen mass repartitioning allowed for 4fs time steps in our production
runs. We applied a 9Å cutoff and 7.5Å switching distance for VdW and electro-
static forces, calculating long-range electrostatics with a smooth particle mesh Ewald
(SPME) summation method30,31.

These simulations were run on Titan GPUs in Metrocubo workstations produced
by Acellera. All systems were solvated in explicit TIP3P water32, using VMD’s33

“Add Solvation Box” feature. The CHARMM27 forcefield parameters used here are
based on interaction energies of small model systems calculated by quantum mechan-
ics computations and direct experiment34,35,36.

F10

For F10, the CHARMM27 forcefield was supplemented with FdU-specific MD param-
eters,37,38 which have been validated in previous studies38,39. F10 was solvated in a
cubic water box – 50 angstroms on a side – with the concentration of counter ion (in
the form of salt, i.e., NaCl or KCl) was set to 150mM using VMD’s33 “Add Solvation
Box” and “Add Ions” plugins with salt concentrations set using the “Neutralize and
set” option and all other parameters left as default.

NEMO zinc finger

Initial coordinates are based on an experimental crystal structure, accessed from the
RCSB data bank – PDB ID 2JVX40. Before production runs, each fully solvated
system underwent conjugate gradient minimization for 5000 time steps. Subsequent
equilibration lasted approximately 18ns, as measured by the RMSD. Prior to analysis,
this equilibration period was removed from each of each of eight 1µs trajectories
used here. All NEMO systems were solvated in 150mM NaCl using the “Add Ions”
extension in VMD.

Thrombin

Initial coordinates are based on an experimental crystal structure from the RCSB data
bank – PBD ID 4DII41. Missing residues (18 out of 295) in this PDB were added
via Modeller42 – a structural template-based atom fill-in tool. Hydrogen atoms were
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Figure 7.3: Single exponential fits for correlation coefficients of time-lagged corre-
lation matrix at a series of τ values to the typical equal time correlation matrix are
presented for NEMO zinc finger with (a) and without (b) a bound zinc ion, Thrombin
in a (c) stabilizing and (d) destabilizing solvent, and MutSα with (e) cisplatinated
DNA and (f) carboplatinated DNA. Bars are standard error.
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Figure 7.4: Double exponential fits for correlation coefficients of time-lagged corre-
lation matrix at a series of τ values to the typical equal time correlation matrix are
presented for NEMO zinc finger with (a) and without (b) a bound zinc ion, Thrombin
in a (c) stabilizing and (d) destabilizing solvent, and MutSα with (e) cisplatinated
DNA and (f) carboplatinated DNA. Bars are standard error.
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Figure 7.5: Triple exponential fits for correlation coefficients of time-lagged corre-
lation matrix at a series of τ values to the typical equal time correlation matrix are
presented for NEMO zinc finger with (a) and without (b) a bound zinc ion, Thrombin
in a (c) stabilizing and (d) destabilizing solvent, and MutSα with (e) cisplatinated
DNA and (f) carboplatinated DNA. Bars are standard error.
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Figure 7.6: Single exponential fits for correlation coefficients of correlation propa-
gator matrix at a series of τ values to the typical equal time correlation matrix are
presented for (a-b) therapeutic DNA strand F10 in physiological solvents, NEMO zinc
finger with (c) and without (d) a bound zinc ion, Thrombin in a (e) stabilizing and (f)
destabilizing solvent, and MutSα with (g) cisplatinated DNA and (h) carboplatinated
DNA. Bars are standard error.

237



Figure 7.7: Double exponential fits for correlation coefficients of correlation propa-
gator matrix at a series of τ values to the typical equal time correlation matrix are
presented for (a-b) therapeutic DNA strand F10 in physiological solvents, NEMO zinc
finger with (c) and without (d) a bound zinc ion, Thrombin in a (e) stabilizing and (f)
destabilizing solvent, and MutSα with (g) cisplatinated DNA and (h) carboplatinated
DNA. Bars are standard error.

238



Figure 7.8: Triple exponential fits for correlation coefficients of correlation propa-
gator matrix at a series of τ values to the typical equal time correlation matrix are
presented for (a-b) therapeutic DNA strand F10 in physiological solvents, NEMO zinc
finger with (c) and without (d) a bound zinc ion, Thrombin in a (e) stabilizing and (f)
destabilizing solvent, and MutSα with (g) cisplatinated DNA and (h) carboplatinated
DNA. Bars are standard error.
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added by VMD’s “psfgen” tool using the topology file in CHARMM 27 force field.
The system was solvated with in the buffer with 125mM NaCl. Systems underwent
1000 steps of conjugate gradient minimization. The final trajectory analyzed here is
a concatenation of 5 simulations, each of 1µs.

MutSα

Initial coordinates are based on an experimental crystal structure from the RCSB data
bank – PDB ID 208E43. For cisplatinated and carboplatinated DNA, we used ad-
ditional, pre-existing, cisplatin and carboplatin parameters44,45,38,37. We fitted cross-
linked structures of modified DNA strands into the mismatched binding pocket – as
seen in RCSB PDB ID 208E43. All systems were solvated in 150mM NaCl using the
“Add Ions” plugin in VMD. Each trajectory analyzed here was concatenated from two
250ns all-atom MD production runs. Before production runs, each systems underwent
1000 steps of conjugate gradient minimization and 250ps of thermal equilibration.

7.3.3 Time-lagged correlation

At time α, the movement of x provides information about the future movement of y
at time α + τ . Time-lagged covariance for a given lag time τ with position vectors r
and number of simulation time steps N is

C̃ij =
N−τ∑
α=1

(rαi − 〈ri〉) ·
(
rα+τj − 〈rj〉

)
N − τ .

Then, time-lagged correlation is given by

Cij =
C̃ij√
C̃iiC̃jj
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Chapter 8

Summary of machine learning and
visualization work

8.1 Overview

In this first part of my dissertation, I have discussed my contribution to visualization
and machine-learning aspects of the field of computational biophysics.

I have proposed a novel statistically rigorous way to visualize ensembles of biopoly-
mer structures in chapter 3. In chapter 4, I introduced two recently developed cluster-
ing algorithms to the field, showing they successfully determine structural macrostates
within large data sets without the need for a user to set any arbitrary parameters or
have any prior knowledge of the system. I have worked to provide intuition into the
often opaquely complex equal-time (Pearson) correlated motion matrices by adapting
one of these clustering algorithms to correlated motion data and developing a novel
visualization method for the results, defining a new way to think of dynamic domains
on biopolymer structures (see chapter 5.

In chapter 6 I applied decision tree learning to simulations of MutSα’s recognition
of DNA damage, determining that with knowledge of only three hydrogen bond pairs
on the protein complex, the type of damage can be predicted with 95% accuracy.
Additionally in this chapter, I showed that Amorim-Hennig clusters (as discussed in
chapter 4) matched the system’s conformational free energy wells nearly identically.
Finally, in chapter 7, I demonstrated that by fitting exponential models to decay
of time-lagged correlated motions compared to equal time correlations the expected
necessary sampling time can be predicted. That is, given a pilot simulations, I can
determine 1) the number of kinetic processes that the system begins to undergo and
2) the amount of sampling needed to capture the dynamics of those processes – even if
the processes are not fully expressed in the original simulation. This method is gener-
alizable to any multi-dimensional time series data, enabling researchers from virtually
any field to determine when they have achieved sufficient sampling of observations
for any time-dependent process.
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8.2 Results

8.2.1 Visualizing ensembles

We find our specific method of visualizing structural uncertainty to be informative
without much loss of visual simplicity. The use of shadows clearly differentiates
between the representative structure and those chosen as the structural equivalent of
error bars. Additionally, adding the opacity of the shadows shows relative weights in
the underlying ensemble and differentiates between isotropic and anisotropic motion
in those structures from MD – and could be used similarly for any dynamics-based
data set.

8.2.2 Uncovering conformational change

HDBSCAN and Amorim-Hennig clustering provide a great deal of initial information
about biopolymer structural ensembles. They are also useful for grouping trajectory
frames without prior knowledge to uncover conformational shifts. In the context
of MD trajectories, HDBSCAN quickly indicates stability and detects large-scale
structural changes, providing big-picture information. Amorim-Hennig provides more
fine-grained details for stable systems. Used in conjunction, these two clustering
methods isolate diverse conformational ensembles in MD trajectories without prior
knowledge.

Additionally, we see as an important line of future investigation the combination
of these two clustering methods. Since Amorim-Hennig clustering seems to focus
on details, while HDBSCAN captures big-picture changes, replacing the final K-
Means step of Amorim-Hennig with HDBSCAN may prove fruitful. While we plan
to investigate a combination of Amorim-Hennig and HDBSCAN, we intend to do so
as part of a larger study exploring many pre-processing options for clustering MD
trajectories for these and other clustering algorithms.

8.2.3 Correlation clustering

We have proposed a method for greatly simplifying the vast amount of information
contained in correlation matrices. By coloring residues on a protein structure based
on their collective motion, we produce intuitive, visual representations of complex
data. A quick glance at such figures quickly conveys which residues are behaving
most similarly in terms of their correlated motion (panel b in all figures) or general
dynamics (panels c and d in all figures). This mode of data visualization is easier to
interpret than a correlation matrix with tens of thousands of entries. Here we have
presented this method with equal time correlation matrices; however, it could easily
be applied to time-lagged correlation methods by using their resulting correlation
matrices in the same manner.
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8.2.4 MutS and decision trees

Across all three DNA damage types, we saw evidence of MutSα entering repair con-
formations for some fraction of MD frames. These results do not necessarily mean
that the heterodimer would signal repair in response to all types of damage; instead,
they may indicate that the protein is searching for the appropriate conformation to re-
spond to the type of damage, and that search involves exploring repair conformations
in addition to death-signaling. From all analysis techniques, we see indications that
each system explores its own portion of conformation space and engages in unique
kinetics, indicating distinct perturbations induced by each type of damage. Our MD
calculations and binary decision tree fittings establish hydrogen bond motifs as clear
distinguishing characteristics of MutSα’s response to each type of DNA damage. With
knowledge of just 2 or 3 hydrogen bonds, these decision trees can correctly label the
damage type up to 86% of MD frames, further indicating that each type of damage
is inducing its own, unique response and likely signaling a unique cellular response
pathway (or set of pathways) in vivo.

The predictions from MD calculations are consistent with the available experimen-
tal data. We both contribute atomic level details of known MutSα damage responses
and suggest areas of further investigation for future experimental studies on aspects
of damage response that have not been previously investigated. We also present novel
applications of decision tree learning and the recently developed Amorim-Hennig clus-
tering technique to MD data, hoping to inspire not only further research on MutSα’s
damage response but also wider usage of these machine learning techniques for sys-
tematically and reproducibly analyzing macromolecular data.

8.2.5 Sampling predictions from time-dependent correlated
motion decay

We took on the issue of determining how much sampling is sufficient for a given
system in the absence of experimental guidance. If experimental data is available
and indicates the physiological time for some process, that information provides the
best possible guidance for how much simulated time is needed. However, for systems
or processes without clear experimental data, researchers are left to make educated
guesses at sufficient timescales for their simulations. The two techniques we present
here refine such initial guesses. Given a completed pilot simulation (or set of simu-
lations), the methods presented here determine (1) how long of a simulation of the
same system would be sufficient to observe the same correlated motions as seen in
the pilot simulation(s), (2) if patterns of correlated motions observed in the pilot
simulation(s) indicate events beyond the timescale of the simulation(s), and (3) how
long of a simulation is needed to observe these longer timescale events.
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8.3 Conclusions

In my work on visualization and machine learning, I have addressed key issues in
the field of computational biophysics. The guiding principle in all of these chapters
has been removing bias and conveying uncertainty. To that end, I have contributed
numerous methods for interpreting biopolymer ensemble data without the need for
prior knowledge or setting of biasing parameters. Additionally, in all of these works, I
have provided a careful discussion of the limits of these methods and how researchers
might visually convey the uncertainty inherent in them. Furthermore, I have provided
guidance on how to display what are effectively error bars on biopolymer structures.
Finally, I have worked to remove bias even in estimating the amount of sampling
needed for any time-dependent multi-dimensional process. It is my sincere hope that
these contributions move the field forward in its ability to remove bias and convey
uncertainty in statistically rigorous ways.
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Chapter 9

F10: A culmination of six decades
of rational drug design

Abstract

Understanding the effectiveness of and designing delivery mechanisms for therapeu-
tic nucleic acids requires understanding structural, kinetic and chemical properties
that allow such polymers to promote the death of cancerous cells. One molecule of
interest is a 10mer of FdUMP (5-fluoro-2-deoxyuridine-5-O-monophosphate) – also
called F10. In this latter half of my dissertation, I discuss the application of the
machine learning techniques discussed above to the ongoing drug discovery project
that is F10. This therapeutic oligomer represents the culmination of over 60 years
of rational drug design, starting with the development of 5-fluorouracil (5-FU) [Hei-
delberger et al. 1957], leading to the development of multiple delivery systems for
this fluoropyrimidine, which paved the way for the development of F10. Compared
to the original 5-FU, F10 is demonstrably more efficacious as a cytotoxic therapeutic,
and better tolerated in vivo than the widely used 5-FU. That is, F10 is better at
killing cancer but worse at killing people. This part of my thesis proceeds first with
the historical development of F10 and our understanding of its cytotoxic mechanisms
of action followed by an atomic level investigation of its kinetic and structural prop-
erties. I begin by reproducing previous experimental results in silico, leading to a
specific, detailed ordered of events for F10’s zinc complexation. Having reproduced –
and explained at an atomic level – these experimental results, I proceed to predicting
F10’s in vivo structural and kinetic properties in both intracellular and extracellular
conditions. Then, I propose a chemical perturbation of F10 that results in higher
structural stability in the presence of certain salts. Finally, I conclude with an initial
investigation into a highly specific delivery mechanism for F10 and suggest future
investigations.
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9.1 Fluoropyrimidines

In 1957, Charles Heidelberger synthesized the first fluoropyrimidines1. His design
of these novel compounds came from a synthesis of four previous discoveries2. (1)
Substituting fluorine in place of hydrogen changes biological functions in experimental
compounds3. (2) Some nucleic acid analogs show antitumor activity4. (3) Tumors
incorporate more uracil into DNA than healthy cells. (4) Uracil-based (pro)drugs
demonstrated moderate antitumor activity.

In experimental compounds, replacing a hydrogen with fluorine changes the phys-
iochemical and pharmacological functions. In 1949, Miller et al. replaced various
hydrogens in a 4-dimethylaminobenzene (DAB), demonstrating that such a substitu-
tion at the 2, 3, or 4 position (Figure 9.1) resulted in dyes more active than the par-
ent5. They went on to investigate the carcenogenic activities of these DAB-derived,
fluorine-substituted compounds, finding that the addition of fluorine at one or more
of these positions altered DAB’s carcinogenic activities in rat livers3.

2′3′

4′

5′ 6′

N

C

H

Figure 9.1: Miller et al.5,3 investigated changes in biological function of 4-
dimethylaminobenzene, shown here. This visualization was created using VMD6.

Analogs of nucleic acids, particularly pyrimidines, had demonstrated potential as
therapeutics. By 1954, multiple experiments had shown that such compounds had
significant anti-tumor activities, as discussed in a comprehensive review of experi-
mental cancer chemotherapy literature at the time by C. Chester Stock4. This article
simultaneously pointed out that while such compounds demonstrated promise, it also
implied that perhaps the attempting to design such analogs may have reached a point
of diminishing returns. This concern emerged from the fact that interfering the tu-
mor metabolisms would also interfere with healthy cell metabolic processes. The
concern proved remarkably prophetic, as that same year there was a key discovery
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differentiating cancer cells from normal cells.
Inspired by experiments by Plentl and Schoenheimer7 and by Bendich et al.8, in

1954 Rutman et al.9 sought to understand the antagonism between uracil and thio-
uracil during carcinogenesis. They proposed that uracil might serve a nutritional
purpose in preneoplastic (i.e., pre-cancerous) tissue. Their study demonstrated uracil-
dependent processes that differentiated rat hepatoma tumor cells from healthy cells.
In the process of liver carcinogenesis in rates, preneoplastic tissue would actively
utilize exogenous uracil for DNA formation, a phenomenon not observed in normal
cells.

In 1957, Jaffe et al.10 reported a uracil-based compound, 6-azauracil (Figure 9.2),
had carcinostatic activities. They sought to interfere with the metabolism of sub-
stances containing uracil. Given previous evidence that 6-azathymine (6-methyl-as-
triazine-3,5-dione) might interfere with such metabolic process11,12,13, they adminis-
tered 6-azauracil to mice experiencing abnormal tissue growth. They found that the
riboside of 6-azauracil inhibited the growth of lymphoma in mice – in amounts that
had little to no system-wide toxicity.

C

O
N

H

Figure 9.2: In 1957, Jaffe et al.10 reported a uracil-based compound, 6-azauracil,
had carcinostatic activities. This visualization was created using VMD6.

Drawing on these ideas of substituting fluorine in place of hydrogen, using nu-
cleic acid analogs as therapeutics, heightened tumor incorporation of uracil, and
Uracil-based (pro)drugs antitumor activities, Heidelberger1 synthesized a fluorinated-
pyrimidine analog (Figure 9.3). His insight proved fruitful, as 5-fluorouracil (5-FU)
is still widely in use as a chemotherapeutic agent, even at the time of this writing in
2017.

While the mechanism of action was not known at the time, we now understand
fluoropyrimidines to be thymidylate synthase (TS) inhibitors. TS enzymes serve as
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Figure 9.3: 5-fluorouracil (5-FU), oroginally synthesized by Charles Heidelberger
in 19571, is still widely in use as a chemotherapeutic agent, even at the time of this
writing in 2017. This visualization was created using VMD6.

catalysts for reducing deoxyuridine monophosphate (dUMP) to dTMP via methyla-
tion. Phosphorylating dTMP results in deoxythymidine triphosphate (dTTP), which
is essential for DNA replication and repair. There is no other source of intracellular
TMP, making any limitation of TS a severe metabolic bottleneck in the intracellular
synthesis of DNA. Given the overexpression of TS in many types of cancer cells, TS
is a key target for chemotherapeutic intervention14,15,2.

5-FU’s pharmokinetic properties require direct, intravenous injection. The ma-
jor developments since Heidelberger’s original formulation of the drug has been in
producing alternative delivery system of prodrugs that are metabolized into 5-FU.
Over the last 60 years, these delivery systems have primary improved in terms of
their specificity with respect to targeting cancerous cells over tumor cells. For exam-
ple, the prodrug capecitabine was successfully designed to target the overexpression of
thymidine phosphorylase and uridine phosphorylase in tumor cells. Capecitabine con-
version to 5-FU can be accomplished only in the presence of these two enzymes2,16,17.
While, these delivery methods have been continually refined, they have all been with
the goal of delivering 5-FU. The formulation of the drug itself has gone unchanged
over these decades. For an exhaustive discussion of this refinement, see the excellent
review by Wilson et al.2.

9.2 FdUMP[10]

In 1999, realizing that the in vivo conversion of 5-FU to 5-Fluoro-2-deoxyuridine-5-O-
monophosphate (FdUMP, Figure 9.4) was an inefficient process, limiting the efficacy
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of treatments using 5-FU, Liu et al.18 designed an FdUMP prodrug, FdUMP[10] (also
called F10), that undergoes a more direct conversion than 5-FU. The development of
this therapeutic oligomer came from the fact that uptake in a multimeric form was
necessary for FdUMP cytotoxicity. This rational drug design project resulted in a
prodrug that was 400 times more cytoxic toward human colorectal cancer cells (CRC)
than 5-FU. Additionally, while the maximum tolerated dose of 5-FU in mice was 45
mg/kg/day, they found that doses up to 200 mg/kg/day could be sustained without
killing the mice18. The specificity of F10 to attacking cancer cells is due in part
to the necessity of 3-O-exonucleases for conversion to FdUMP19. These particular
exonucleases have higher levels of activity in cancer cells compared to normal cells19,20.
Understanding of F10’s efficacy as a chemotherapeutic has advanced rapidly since it
was first synthesized.

In 2005, Liao et al. demonstrated that F10 damages DNA as a topoisomerase
I (Top1) poison, interrupting Top1 catalysis21. FdUMP which inhibits thymidylate
synthase, decreasing intracellular TTP. Then, when a DNA polymerase attempts
to add thymine to a strand, which is a thymidine analog, FdUTP is incorporated
instead of TTP21,22,23,24,25,26,19. This mistaken incorporation of FdU into the DNA
strand leads to Top1 becoming trapped in DNA-cleavage complexes, which causes
DNA double strand breaks21,27,28. In 2007, Bijnsdorp et al.29 showed that F10 was
not significantly degraded outside of cells to FdU or 5-FU, meaning that it did not
require phsophorylation (or any reactivation) to FdUMP once inside the cell. Rather,
F10 conversion to FdUMP is a direct process that occurs inside cells29,19.

In 2012, Pardee et al.30 showed that F10’s efficacy extends to acute myeloid
leukemia (AML), a malignant form of cancer that affects bone marrow. In AML cell
lines, F10 inhibited TS, trapping Top1 as described above and led to apoptosis. This
activity was not observed for 5-FU, indicating that F10 may provide treatment options
for cancer types that have not typically responded to other fluropyrimidines30,19. In
2014, Pardee et al.31 extended this result, showing that F10 would attack lympoblas-
tic leukemia without damaging hematopoietic cells (i.e., blood stem cells found in red
bone marrow). Again in 2014, Gmeiner et al.32 demonstrated F10’s efficacy agains
orthotopic glioblastoma cells in vivo. When administered intra-cerebrally in mice,
F10 exhibited selective cytotxicity toward these tumors over normal brain tissue32,19.

9.3 Brief summary of results

In the next three chapters of this dissertation, I present my own contributions to
our evolving understanding of F10. I reproduce experimental results in silico using
the ”computational microscope”33,34 of molecular dynamics to provide insight into
F10’s kinetic and structural properties, demonstrating its mechanism of zinc com-
plexation35. As zinc is likewise cytotoxic, these results may aide in further rational
drug design involving F10. Next, I investigate F10’s behavior in various solvation
conditions – both biological and those potentially useful in laboratory preparation.
These results suggest F10’s structural properties shift as it moves from extracellular
to intracellular conditions36. Finally, I investigate a chemical perturbation of F10 to
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Figure 9.4: Nucleotides of the 10mer 5-fluoro-2’-deoxyuridine-5’-monophosphate
(FdUMP[10]) are produced computationally by replacing a thymidine monophosphate
methyl group with fluorine. Figure and caption adapted with permission from Melvin,
Ryan L, William H Gmeiner, and Freddie R. Salsbury Jr. 2016. All-Atom Molecu-
lar Dynamics Reveals Mechanism of Zinc Complexation with Therapeutic F10. The
Journal of Physical Chemistry B 120 (39): 1026979. doi:10.1021/acs.jpcb.6b07753.
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FUMP[10] – an RNA analog of F10. As FUMP is an intermediate in the conversion
of 5-FU to FdUMP, this investigation may aide in understanding the higher efficacy
of F10 over 5-FU37.
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Abstract

Advancing the use of therapeutic nucleic acids requires understanding the chemical
and structural properties which allow these polymers to promote the death of ma-
lignant cells. Here we explore Zn2+ complexation by the fluoropyrimidine polymer
F10, which has strong activities in multiple pre-clinical models of cancer. Delivery of
fluoropyrimidine FdUMP in the 10-residue polymer F10 rather than the nucleobase
(5-fluorouracil) allows consideration of metal ion binding effects on drug delivery.
The differences in metal ion interactions with fluoropyrimidine compared to normal
DNA results in conformation changes that affect protein binding, cell uptake, and co-
delivery of metals such as zinc – and the cytoxicity thereof. Microsecond time-scale,
all-atom simulations of F10 predict that zinc selectively stabilizes the polymer via
interactions with backbone phosphate groups and suggest a mechanism of complexa-
tion for the zinc-base interactions shown in previous experimental work. The positive
zinc ions are attracted to the negatively charged phosphate groups. Once the Zn2+

ions are near F10, they cause the base’s N3 nitrogen to deprotonate. Subsequently,
magnesium atoms displace zinc from their interactions with phosphate, freeing the
zinc ions to interact with the FdU bases by forming weak interactions with the O4
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oxygen and the fluorine attached to C5. These interactions of magnesium with phos-
phate groups and zinc with nucleobases agree with previous experimental results and
are seen in MD simulations only when magnesium is introduced after N3 deprotona-
tion – indicating a specific order of metal binding events. Additionally, we predict
interactions between zinc and F10’s O2 atoms, which were not previously observed.
By comparison to 10mers of polyU and polydT, we also predict that the presence of
fluorine increases the binding affinity of zinc to F10 relative to analogous strands of
RNA and DNA consisting of only native nucleotides.

10.1 Introduction

Complexes of F10, a DNA polymer of FdUMP (5-fluoro-2’-deoxyuridine-5’-O-monophosphate),
and zinc may be useful anti-cancer therapeutics. F10 is cytotoxic,1,2,3,4 demonstrably
more efficacious as a therapeutic, and better tolerated in vivo5,6,7,8 than the widely
used 5-fluorouracil (5-FU)9? . Zinc is itself cytotoxic and shows promise as a selective
treatment for prostatic adenocarcinoma10,11. Delivery of FdUMP in the 10-residue
polymer F10 allows consideration of metal ion effects not seen with individual nu-
cleotides or nucelobases such as 5-FU. The differences in metal ion interactions with
fluoropyrimidine compared to normal DNA results in conformation changes that af-
fect protein binding, cell uptake, and co-delivery of metals such as zinc – and thus
impact cytoxicity. Therefore, we are interested in the mechanisms of complexation
and structures of such complexes.

From experimental results and first principle calculations of FdU-substituted DNA
strands by Ghosh et al, 201112, we expect to see zinc interactions with O4 and the
fluorine attached to C5 on F10 bases when both zinc and magnesium are present.
However, we expect no such stability or interactions when F10 is in the presence of
magnesium alone. Here we test these expectations using modified molecular dynamics
(MD) forcefield parameters derived from the experimental and computational work
in that paper, which have since been validated in studies of topoisomerase I-mediated
DNA religation13 and netropsin binding to FdU-substituted DNA strands14. In test-
ing the above hypothesis, we address three primary questions. What is the mecha-
nism by which Zn2+ complexation occurs? What is the influence of FdU’s protonation
state? What interactions with zinc does an FdU (Figure 10.1) polymer have absent
substitution into a longer DNA strand?

Here we perform MD calculations on both fully protonated and hemi-protonated
(every other N3 atom deprotonated) states, extending the previous simulation work12

to systems whose size is beyond that which can be efficiently calculated in ab initio
methods. From this structural perturbation we predict that the presence of fluorine
increases the affinity of DNA for zinc and that zinc interacts primarily with the
phosphorous atoms in F10’s backbone. We also predict that the complexation of zinc
with F10’s O4 atom requires that the N3 atom deprotonate only after zinc has formed
close-range interactions with F10. Additionally, we predict interactions among F10’s
O2 atoms and zinc, which have not been previously observed.

Previous studies on the cytotoxic mechanism of F10 suggest a three-step pro-
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Figure 10.1: Nucleotides of the 10mer 5-fluoro-2’-deoxyuridine-5’-monophosphate
(FdUMP[10]) are produced computationally by replacing a thymidine monophosphate
methyl group with fluorine. Throughout this paper, we use the sugar numbering, base
numbering, and atom colors shown here.

cess1. Once inside the cell, F10 is degraded to FdUMP which inhibits thymidylate
synthase, decreasing intracellular TTP. Then, when a DNA polymerase attempts to
add thymine to a strand, which is a thymidine analog, FdUTP is incorporated instead
of TTP1,15,16,17,18,19,20. This mistaken incorporation of FdU into the DNA strand leads
to Top1 becoming trapped in DNA-cleavage complexes, which causes DNA double
strand breaks1,21,22.

The increased cytotoxicity of F10 relative to 5-FU is due to the more direct con-
version of F10 to FdUMP and FdUTP. That is, the conversion of F10 to FdUMP and
FdUTP requires fewer enzymatic steps than the equivalent conversion of 5-FU. How-
ever, this proposed mechanism requires minimal degradation of F10 to constituent
FdU monomers prior to uptake by cancer cells1,19,20,2. Preventing such breakdown in
order to transport intact oligonucleotides into cells has been a topic of much recent
interest (see review by Wang et al.23). An understanding of F10 interactions with
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metal ions will enable rational decisions in the development of drug delivery systems
for F10. To gain an understanding of metal complexation by F10, we employ all-atom
molecular dynamics (MD) informed by and supplemented with previous experimental
results regarding FdU14,12,24 and F1025,5,26,6,4,8,1,2.

With regard to metal-DNA interactions, zinc is of particular interest due to its
many biological roles, including – but not limited to – prostate regulation. Prostatic
adenocarcinoma (PCa), breast cancer and leukemia cells12,26,25,24 are all highly sen-
sitive to exogenous zinc10,11, and experimental studies indicate that DNA complexed
with Zn2+ is effective at mediating base pair formation, particularly for bases with
acidic imino hydrogens27,28. FdU is one such nucleobase. Considering the efficacy
of F10 as a therapeutic1,2,3,19,20, interactions with zinc are important for potentially
modulating its cytotoxicity.

10.2 Methods

10.2.1 Forcefield Parameters

We use a modified version of the CHARMM27 forcefield with additional parameters
for FdU based on experimental data and quantum mechanics computations done by
Ghosh et al.12, as vailidated14, and implemented for Molecular dynamics13 in other
studies. Admittedly, such an empirical force field cannot account for the formation of
covalent bonds that would occur during metal ion complexation in a biological system.
However, we show in the results below that the proximity of the ions to particular
nucleic atoms predicts unambiguously which atoms the metals would interact with
should an experiment be performed or a first principles calculation be undertaken.

10.2.2 Protonation States

We simulated both fully protonated F10 – one base of which is shown in Figure 10.1
– and hemi-protonated F10 in which we removed the hydrogen attached to every
other base’s N3 atom, redistributing charge according to Gmeiner et al., 2011 13. To
investigate the order of events we simulated hemi-protonated F10 with two distinct
sets of initial coordinates. In one system, we used an extended F10 strand with
randomly placed zinc ions (see Solvation Conditions) as initial coordinates. In the
second system, we used the F10 and zinc coordinates of the representative structure
from the highest populated RMSD-based cluster (see Processing and Analysis) from
simulations of the fully protonated F10 strands.

10.2.3 Solvation Conditions

We solvated each nucleic acid strand in a cubic explicit TIP3P water box, 50Å on
a side, using the Add Solvation Box tool in VMD29. We neutralized each system’s
simulations total charge and set the concentration to 0.150M ZnCl2 or 0.150M MgCl2
using the Add Ions tool in VMD. For a discussion of nucleic-acid ion interactions
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with commentary on the implications for MD simulations and non-co, see the recent
review by Lipfert et al.30.

For a closer comparison to the work of Ghosh et al.12, we also simulated both fully
protonated and hemi-protonated F10 in the simultaneous presence of magnesium and
zinc. For fully protonated F10, we randomly placed one magnesium per phosphate
group (total of 9) and one zinc per base (total of 10), neutralizing the system with
chlorine.

Since previous experimental work12 indicated that zinc complexation with F10
bases required magnesium interactions with phosphate groups, we performed addi-
tional simulations of hemi-protonated F10 in which we placed one magnesium ion
within 5 angstroms of each phosphate group and randomly placed one zinc per base
(total of 10), neutralizing the system with chlorine. A more realistic approach would
have been to allow the magnesium ions to complex with F10 in a relaxation simula-
tion and then add zinc; however, our simulations of F10 in the presence of magnesium
alone yielded no stable complex. All F10 protonation and solvation states used in
this study are summarized in Table 10.1.

10.2.4 Simulation Configuration

Simulations were run under the canonical ensemble (NVT), which is the thermody-
namic ensemble recommended for the ACEMD31 simulation software used. Since
our solvated systems each contain more than 10,000 atoms, all statistical ensembles
should converge to the same result by the law of large numbers. Hydrogen mass
repartitioning algorithms, such as that in ACEMD, allows for the 4fs time steps used
here. Conjugate-gradient minimization was run for 1000 steps prior to production
runs. During these production runs, we kept all systems at 300K with a Langevin
thermostat. To calculate VdW and electrostatic forces, we used a cutoff distance of
9Å and switching distance of 7.5Å. Past this cutoff, we calculated electrostatics with
a smooth particle mesh Ewald (SPME) summation algorithm32,33. We ran all sim-
ulations on Titan GPUs in Metrocubo workstations manufactured by Acellera. The
combination of this hardware and ACEMD, which is optimized for GPUs, allowed for
traditional MD simulation rates of greater than 300ns/day on the oligomers discusses
here. Due to these relatively quick simulation times, we chose traditional MD for all
simulations, thus avoiding any uncertainty created by the reweighting necessary in
rare event methods34,35.

Table 10.1: Fully and hemi-protonated F10 was simulated in the presence of zinc,
magnesium and combinations thereof.

Protonation Count Zn Count Mg Count Cl
Fully 15 0 21
Fully 0 15 21
Fully 10 9 29
Hemi 18 0 22
Hemi 10 9 24
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10.2.5 Processing and Analysis

Prior to structural and kinetic analysis of all F10 simulations, we concatenated data
from four runs of each system (one 1µs and three 5µs), Table 10.1, totaling 16µs in
one trajectory. We then resampled the data at a rate of 1 frame every 1ns for a final
trajectory of 16,000 frames. This sampling rate was chosen to simplify visualization
of clustering data and to expedite memory-intensive analysis techniques. For both
polydT and polyU, we ran two 1µs simulations, concatenating the resulting data into
one trajectory for each respective oligonucleotide and resampling at a rate of 1 frame
per 1ns for a total of 2000 frames in each trajectory.

In the process of concatenating these trajectories, we also removed the water
molecules and chlorine ions but left the zinc and/or magnesium ions used in the orig-
inal solvation. Analysis without water molecules present does preclude the possibility
of analyzing tetracoordinated or hexacoordinated complexes of combinations of water,
magnesium, zinc and nucleic molecules. That is, the ions exist in aqueous complexes
– a fact which is effectively ignored by these preprocessing steps. Nonetheless, as
we will show in the results section below, the proximity of the metal ions to nu-
cleic atoms, and the relative stability of that proximity clearly indicate which nucleic
atoms the ions are interacting with. If our initial analysis without including water
interactions had been ambiguous as to which nucleic atoms the ions interact with,
further inspection including water molecules would have been necessary. However, as
Figures 10.2 through 10.7 show, there is no such ambiguity.

For the purpose of cluster-based structural analysis, we used the quality thresh-
old36 (QT) RMSD clustering method in VMD29 for partitioning the conformations of
each system. The QT clustering method is a non-hierarchical method that assembles
each cluster one at a time, using cluster diameter as its cutoff parameter for delin-
eation36. We initially defined each frame in the F10 trajectory to be a microstate (i.e.,
16000 microstates) and searched for 50 macrostates with RMSD QT clustering with a
51st macrostate used as a catchall for any structures VMD could not place in these 50
bins. We adjusted the RMSD cutoff parameter to minimize the number of singleton
states outside state 51, resulting in final choice of 5 angstroms. For comparison of
conformation stability, we applied this same cutoff and number of clusters to polydT
and polyU. To quantify ion binding to nucleic acid strands, we used the “Radial Pair
Distribution Function g(r)” plugin in VMD, selecting the relevant metal ions and F10
atoms and setting “delta r” (the radial step size) and “max r” (the maximum radius)
set to 0.1 and 35 angstroms respectively.

We processed and visualized clustering output using a suite of custom Matlab
scripts, which we have made available for free online. (We have made these files
available for free at https://figshare.com/articles/Markov_Cluster_Analysis_
in_Matlab/1566809.) via figshare37. We plotted radial distribution functions in
Grace, a WYSIWYG 2D plotting tool for the X Window System. For secondary
structure analysis and determination of base-base interactions we employed DSSR, a
new component of the 3DNA suite of software programs38,39? .

For the layered (shadow) and blended images in the Supporting Information,
we separately visualized the median – or representative – structures and additional
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structures in VMD29, rendering them with Tachyon40 and combining the output
visualizations using Pillow, a fork of the Python Image Library. We used the MD-
Traj41 library to process individual structure and molecular dynamics coordinates
in Python42. To select frames for a given shadow, we stored data in NumPy ar-
rays and processed them using the NumPy library43. Frame selection was based
on quality threshold clustering and statistical analysis as previously detailed44. The
additional structures in Supporting Information Figures are all frames within one
“modified standard deviation”44 of the representative structure as assigned by the
Quality Threshold (QT)36 algorithm in VMD. Our scripts for producing such fig-
ures are available online. (We have made these files available for free at https:

//figshare.com/articles/VisualStatistics/1601897.) via figshare45.

10.3 Results and discussion

10.3.1 Mechanism of complexation

Radial distribution functions provide information on the location of metal ions relative
to the nucleic acid strand throughout MD trajectories. We used this analysis to
understand how fluorine affects metal ion binding interactions with DNA, since these
interactions can affect DNA shape, cell uptake, and cytotoxicity. By examining the
radial distribution for various subsets of atoms on the oligonucleotides (Figures 2-7)
we observed that F10 has greater affinity for zinc than either T10 or U10 and, not
unexpectedly, that the majority of zinc interactions occur with backbone phosphate
groups across all three polymers (Figure 10.3). Deprotonation of the N3 atom after
zinc has formed a close-range interaction with F10 enhances specific binding affinity,
while deprotonating the nitrogen before these interactions form has little effect (Figure
10.2). Visual inspection of the most populated RMSD cluster for each strand confirms
that oxygen atoms in backbone phosphate groups form frequent interactions with zinc
ions (Figures 10.2c and 10.2d).

Furthermore, the higher affinity of F10 for zinc is especially pronounced in the
interactions of zinc with backbone phosphate atoms. Of particular note is that when
N3 is deprotonated prior to zinc forming close-range interactions with F10, the num-
ber of zinc interactions is reduced compared to both the fully protonated strand and
the strand which formed close-range interactions with zinc before deprotonation (Fig-
ure 10.3). While slightly longer range interactions mediated by water molecules are
certainly occurring, we see from the radial distribution plots (Figures 10.2 through
10.7) that direct interaction between the ions and the nucleic atoms are predicted
by the simulations. Additionally, the radial distribution peaks indicate clearly – and
starkly – which nucleic atoms are interact with nearby ions.

PolydT’s and PolyU’s relatively lower affinities for zinc indicate that the fluorine
atom (F5) attached to F10’s C5 is responsible for the greater attraction of zinc to
F10. This preference is in part a shape effect. The F5 atom is a hydrogen bond
acceptor, allowing F10 to form more inter-molecular hydrogen bonds than the other
two nucleic acid strands, resulting in a different set of possible stable geometries,

270

https://figshare.com/articles/VisualStatistics/1601897
https://figshare.com/articles/VisualStatistics/1601897


0 10 20 30 40

Distance (Å)

0

10

20

30

40

50

R
ad

ia
l d

is
tr

ib
ut

io
n 

fu
nc

tio
n Fully Protonated F10

Hemiprotonated F10 (continued)
Fully Protonated F10 (fresh)
PolydT
PolyU

All nucleic atoms and Zn

(a) Radial distribution function (b) Radial distribution peaks

(c) Fully protonated F10 and zinc

(d) Example of interaction sites

Figure 10.2: F10 (a-b) has greater affinity for zinc compared to PolydT and PolyU.
Panel (a) shows the actual radial distribution function, and panel (b) shows the peak
for each system reported in panel (a). That is, panel (b) shows the peaks of panel
(a). Deprotonating N3 after the zinc has engaged in close-range interactions with F10
results in a higher affinity than when the nitrogen is deprotonated in the presence
of randomly placed zincs. This order of events makes intuitive sense – close-range
presence of zinc causes the deprotonation of the nitrogen. In panel (c), zinc is shown
in orange and F10 is colored by residue number. Panel (d) also shows examples of
zinc interactions sites, using distances from the structure shown in panel (c).
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Figure 10.3: Across all three polymers evaluated (F10, T10 and U10), the majority
of zinc interactions are with phosphate groups. Deprotonating N3 after the zinc has
engaged in close-range interactions with F10 (a-b) results in a higher affinity than
when the nitrogen is deprotonated in the presence of randomly placed zincs. In panel
(c), zinc is shown in Orange and F10 is colored by residue number. Panel (d) shows
an example of zinc interacting with a fluorouracil and the phosphate backbone, using
distances from the structure shown in panel (c).

272



which we quantify in the F10 structure subsection below.
The affinity of zinc for the phosphate groups across all three nucleic acid strands

intuitively makes sense, as the positive zinc ion would be attracted to the nega-
tive oxygen of the phosphate group. However, previous experimental work on FdU-
substituted DNA showed that zinc preferred interactions with the nucleobase and
that, instead, magnesium engaged in close-range interactions with the phosphate
groups. In our simulations of F10 in the presence of magnesium alone (Supporting
Information Figure 10.9) we saw no such interactions with either the nucleobase or
the phosphodiester backbone. Similarly, when fully protonated F10 is in the presence
of both zinc and magnesium, zinc affinity increases; however, we do not observe mag-
nesium forming close-range interactions with any F10 atoms (Figure 10.4a-b). The
only simulation configuration in which we observed the interactions seen previously
in FdU-substituted DNA12 is that of hemi-protonated F10 with one magnesium ion
placed within 5Å of each phosphate group and randomly placed 10 zinc ions.

No other simulation configuration, Table 10.1, yielded the experimentally demon-
strated ion interactions – magnesium with phosphate groups and zinc with bases.
Given magnesium’s lack of close-range interactions with fully protonated F10 both
with and without zinc present (Figure 10.4a-b and Supporting information Figure
10.9 respectively) we infer a specific order of events leading to the complexation of
F10, zinc, and magnesium and propose the following mechanism.

1. F10 phosphate groups form close-range interactions with zinc ions.

2. Change in local pH caused by zinc ion proximity results in every other F10
base’s N3 atom deprotonating.

3. Magnesium forms close-range interactions with F10 phosphate groups.

4. Zinc moves from interacting with phosphate groups to interacting with F10
bases.

Given the results of our MD calculations, we predict that items 1 and 2 must happen
before 3 and 4. While 1 must happen before 2, we can draw no conclusions about
the order of 3 and 4. Though, the magnesium clearly takes the place of the zinc ions
in terms of interactions with phosphate (compare Figures 10.4 and 10.5). Given that
these results most closely match the experimental results and first principal calcula-
tions for FdU-substituted DNA12, we predict the above method of complexation is
the biological process by which F10, zinc, and magnesium interact.

It is important to note that the empirical force fields used here (see methods) do
not account for the formation of covalent bonds that occur during metal complexation
in biological systems. However, the the proximity of the interacting atoms and the
sharpness of the peak in the radial distribution functions (Figures 10.4 and 10.5)
demonstrate unambiguously that the interactions described above are occurring in
the simulations. That is, the simulations predict that the strength of the non-covalent
interactions is so strong as to maintain their stability over microsecond timescales.
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Figure 10.4: In the presence of both zinc and magnesium ions, we see fully proto-
nated F10 has (a) only long-range interactions with magnesium, (b) little magnesium
interactions with phosphate groups, and (c) a higher level of zinc activity (cf. Fig-
ure 10.2a), particularly (d) F10’s phosphate groups (cf. Figure 10.3a). We also see
little interaction between zinc and F10’s (e) O4 atoms and (f) fluorines on C5 – an
interaction that has been reported for FdU-substituted DNA in experimental and ab
initio results12.
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Figure 10.5: In the presence of both zinc and magnesium ions, we see hemi-
protonated F10 has (a) strong short-range interactions with magnesium, (b) par-
ticularly the phosphate groups, and (c) a higher level of zinc activity (cf. Figure
10.2a), particularly (d) F10’s phosphate groups (cf. Figure 10.3a). We also see in-
teraction between zinc and F10’s (e) O4 atoms and (f) fluorines on C5, as expected
from experimental and ab initio results in the literature12.
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10.3.2 Effect of protonation state

In hemi-protonated simulations of F10, we saw more interactions between zinc and
F10’s O4 atoms (Figure 10.6) along with zinc and the fluorine atoms attached to
F10’s C5 atoms (Figure 10.7), agreeing with previous experimental observations
and quantum mechanical calculations of Ghosh et al.12 on FdU-substituted DNA,
which demonstrated that zinc stabilized DNA strands containing consecutive FdU
nucleotides while destabilizing native sequences. With the assistance of ab initio
modeling, they also showed that this stabilization required deprotonation of some
FdU bases’ N3 nitrogen atoms. In the present study, we observed additional interac-
tions between zinc and F10’s O2 atoms (Supporting Information Figure 10.10), which
were not observed or predicted in the previous experimental or computational results.

Furthermore, we see that only hemi-protonated F10 forms close-range interactions
with magnesium ions (Figures 10.4, 10.5 and Supporting Information Figure 10.9).
Only hemi-protonated F10 forms the expected complexes with zinc ions (Figures
10.6 and 10.7) and a combination of zinc and magnesium ions (Figures 10.4 and 10.5),
indicating that structures of F10 with every other N3 atom deprotonated are the most
biologically relevant. These results likewise agree with previous experimental results
and QM calculations12, which report magnesium stabilized only native sequences
unless zinc was also present. In this previous study, if both zinc and magnesium
were present, magnesium interacted with backbone phosphates while zinc interacted
with the nitrogenous bases, specifically the O4 atom and the fluorine attached to C5.
Given these results, the single-stranded therapeutic polymer F10 – composed only of
FdU bases – should be structurally stabilized by zinc into long-lived conformations.
We expect this structural stabilization particularly when F10 is in a hemi-protonated
(every other base deprotonated) state, as we saw in the simulations described here.

More generally, we see an overall increase in F10 activity in simulations where zinc
formed close range interactions with F10 prior to the deprotonation of every other N3
atom (Figure 10.2b). In these same simulations, more close-range interactions with
F10’s phosphate groups occur (Figure 10.3b). Notably, though, if we deprotonate the
N3 atoms before zinc forms close-range interactions with F10, the overall activity be-
tween zinc and F10’s phosphate groups decreases relative to the fully protonated F10
strands (Figure 10.3a), further indicating the mechanism of complexation proposed
above.

Comparison with analogous nucleic acid strands (Figure 10.6) shows that fully
protonated F10’s O4 atom is no more attractive to zinc than that of PolydT and
PolyU. This prediction qualitatively agrees with experimental results from Sorokin
et al., 2015, who showed that polyU’s O4 and N3 atoms coordinate Zn2+ ions46. This
agreement with experimental results provides additional validation for the force field
parameters and simulation configurations used here (see Methods).

10.3.3 F10 structures

Metal-ion stabilized structures of F10 may influence biological activity. For exam-
ple, folded structures (e.g., Figure 8) would be less susceptible to nuclease digestion
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Figure 10.6: The distribution of zinc to hemi-protonated F10-O4 changes noticeably
from the fully protonated (a-b). Zinc interactions are primarily long-range for fully
protonated F10, but short-range for hemi-protonated. Similar to Figure 10.3, simula-
tions in which F10 and zinc form close-range interactions prior to N3 deprotonation
exhibit higher zinc activity. Comparison with analogous nucleic acid strands shows
that fully protonated F10’s O4 atom is equally attractive to zinc as that of PolydT
and PolyU. Panel (c) shows an example of zinc (orange) interacting with O4 (red) on
hemi-protonated F10. Zinc and O4 atoms are displayed using VdW representation
for emphasis. Panel (d) shows an example interaction of zinc with one fluorouracil,
using distances from the structure shown in panel (c).
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Figure 10.7: While remaining relatively low in intensity and long-range, deprotona-
tion of every other N3 atom on F10 increases the F5-Zn activity relative to the fully
protonated F10 simulations (a-b). Comparison to analogous atoms on similar nucleic
acid strands shows that the fluorine attached to F10’s C5 atom exhibits a greater
propensity for interacting with zinc than the methyl group’s carbon on PolydT or
the hydrogen attached to C5 on PolyU. Panel (c) shows an example of zinc (orange)
interacting with F5 (pink) on hemi-protonated F10. Zinc and F5 atoms are displayed
using VdW representation for emphasis while other atoms and bonds are visualized
as ball and stick (CPK).
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and may impact endocytosis. Therefore, in this subsection we quantify the stabil-
ity of conformations in terms of what percentage of the time a given RMSD-based
macrostate exists and measure the extent to which the conformations are structured
via base-base interactions across various solvent conditions and protonation states.

Solvated in 150mM ZnCl2, fully protonated F10 assumes stable, unstructured con-
formations. While these solvation conditions are not physiological, they are relevant
for forming a zinc-F10 complex, which might be used for drug delivery. Such confor-
mations – e.g., Figure 10.2c and Supporting Information Figure 10.10f – uncovered
by RMSD clustering, exist for up 5 microseconds at a time. The 5 lowest order (high-
est population) RMSD-based macrostates (Figure 10.8a and Supporting Information
Figure 10.10) make up 50.4% of the MD frames. Analysis with 3DNA’s DSSR pack-
age reveals that base-base interactions occur in 28.4% of MD frames. Additionally,
in 10.5% of MD frames, there is a zinc ion within 5Å of a phosphorous and a zinc
ion within 5Å of an N3 atom (Supporting Information Figure 10.10f) indicating that
roughly a tenth of the time F10 and zinc form a complex in which deprotonation
of N3 by zinc could occur via the process we propose in the section “Mechanism of
complexation.”

Simulations of hemi-protonated F10 with initial coordinates in which zinc and
F10’s phosphate groups have already formed close-range interactions (see Methods)
exhibited stable structures, existing for up to 5 microseconds at a time. The 5 lowest
order RMSD-based macrostates (Figure 10.8b and Supporting Information Figure
10.11) make up 85.8% of trajectory frames. In these simulations, F10 formed base-
base interactions 0.4% of the time. Here we see that when deprotonated after forming
close-range interactions with zinc, F10 adopts highly stable, unstructured conforma-
tions (e.g., Figure 10.3c and Supporting Information Figure 10.11).

Hemi-protonated F10 simulations started from an extended structure (see Meth-
ods) with randomly placed zinc ions likewise adopted stable structures existing for up
to 5 microseconds at a time and formed base-base interactions in 7.3% of frames. The
5 lowest order RMSD-based macrostates (Figure 10.8c and Supporting Information
Figure 10.12) make up 89.7% of the trajectory frames. From these three F10-zinc
systems, we see that hemi-protonated F10 is more stable and less structured in the
presence of zinc than fully protonated F10.

The 5 lowest order RMSD-based macrostates (Figure 10.8d and Supporting In-
formation Figure 10.13) from simulations of fully protonated F10 in 150mM MgCl2
made up 4.5% of the MD frames and exist for only a few nanoseconds at a time.
While unstable, 26.7% of all conformations predicted in these solvent conditions ex-
hibit base-base interactions. For comparison, in simulations of F10 in 150mM NaCl
– intracellular concentration of physiologically relevant salt – the lowest 5 RMSD-
based macrostates make up 11% of the frames with 10% of all conformations having
base-base interactions.

Fully protonated F10 in the presence of both zinc and magnesium forms structures
that are stable on the order of 100ns. The 5 lowest order RMSD-based macrostates
(Figure 10.8e and Supporting Information Figure 10.14) make up 61.4% of the tra-
jectory frames. This F10 system is less stable than F10 in the presence of zinc alone
but more stable than F10 in the presence of magnesium alone. In these simulations,
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base-base interactions form 32.9% of the time, more than in any of the other solvation
and protonation states investigated here.

The 5 highest-population RMSD-based macrostates (Figure 10.8f and Supporting
Information Figure 10.15) from simulations of hemi-protonated F10 in the presence of
both zinc and magnesium make up 30.9% of trajectory frames. Base-base interactions
formed only 4.8% of the time, making F10 conformations from these simulations the
least structured.

For comparison, PolydT solvated in 150mM ZnCl2, however, exhibits a higher
level of stability with the 5 lowest order RMSD-based macrostates (Figure 10.8g and
Supporting Information Figure 10.16) occupying 73% of MD frames. Furthermore,
7% of all polydT frames form base-base interactions. From this analysis of hydrogen
bonds and the structure shown in Figure 10.3c, we see that F10 forms more compact,
structured conformations than polydT. PolyU, though, is less stable – with the 5
lowest order macrostates (Figure 10.8h and Supporting Information Figure 10.17),
making up 40% of frames – and somewhat more structured with 16% of frames forming
base-base interactions.

10.4 Conclusions

Using microsecond timescale, all-atom MD simulations of the polymer F10 in various
solvation conditions, we have predicted that the complexation of zinc and magnesium
ions occurs in a four step process. We predict that F10 phosphate groups first form
close-range interactions with zinc ions, changing the local pH such that every other
F10 base’s N3 atom deprotonates. This deprotonation allows zinc ions to move from
interacting with phosphate groups to interacting the the nucleobases as magnesium
ions displace zinc ions from their interactions with the phosphodiester backbone. Our
simulations agree with previous experimental results and first principle calculations12

only when our simulations are set up to reflect this order of events, indicating that
these steps are the likely biological mechanism of complexation.

Beyond matching these previous results, we also predict interactions between zinc
ions and F10’s O2 atoms, which have not previously been observed. Furthermore, by
comparison to the chemically similar polymer of uracil and thymine, we predict that
the addition of fluorine to nucleobases in the manufacturing of F10 is responsible for
the relatively high binding affinity for zinc compared to that of native nucleotides.
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(a) F10, ZnCl2 (18.3%) (b) Hemi. (cont.), ZnCl2 (28.9%)

(c) Hemi. (fresh), ZnCl2 (31.0%) (d) F10, MgCl2 (1.0%)

(e) F10, ZnCl2 and MgCl2 (21.7%) (f) Hemi, ZnCl2 and MgCl2 (11.3%)

(g) PolydT, ZnCl2 (30.4%) (h) PolyU, ZnCl2 (13.0%)

Figure 10.8: Visualizing the highest population RMSD-based clusters of each sim-
ulated system reveals the relative level of order and compactness for each. The
highest population cluster from (a) fully protonated F10 in 150mM ZnCl2, (b) hemi-
protonated (continued) F10 in 150mM ZnCl2, (c) hemi-protonated (fresh) F10 in
150mM ZnCl2, (d) fully protonated F10 in 150mM MgCl2, (e) fully protonated F10
in the presence of both zinc and magnesium, (f) hemi-protonated F10 in the presence
of both zinc and magnesium, (g) polydT in 150mM ZnCl2, and (h) polyU in 150mM
ZnCl2. In parentheses with each visualization is the percentage of trajectory frames
the cluster makes up. The 5 highest population clusters from each of these systems
are shown respectively in Supporting Information Figures 10-17. Solid structures are
median, and shadows are one standard deviation by RMSD.
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10.6 Supplementary Information

F10 structures from various solvent conditions, radial distribution of zinc and O2
interactions, and histogram of Zn-P and Zn-N3 contact counts.

(a) Mg and F10 (b) Mg and F10-P

Figure 10.9: Fully protonated F10 (a) forms primarily long-range interactions with
magnesium ions (when simulated in 150mM MgCl2). While (b) some close-range
interactions with phosphate groups occur, there are an order of magnitude fewer
than the interactions with zinc.
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(a) Cluster 1 (18.3%) (b) Cluster 2 (12.3%)

(c) Cluster 3 (9.1%) (d) Cluster 4 (5.7%)

(e) Cluster 5 (4.9%) (f) Zinc contacts

Figure 10.10: The (a-e) 5 lowest order (highest population) RMSD-based
macrostates make up 50.4% of the MD frames for a trajectory of fully protonated
F10 in 150mM ZnCl2. Roughly (f) 10% of the time F10 and zinc form a structure
capable of the proposed mechanism of complexation. Colorbar is fraction of frames
with the number of contacts specified by the x and y axes. Shadows (a-e) are 1
standard deviation by RMSD.
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(a) Cluster 1 (28.9%) (b) Cluster 2 (27.9%)

(c) Cluster 3 (26.8%) (d) Cluster 4 (3.5%)

(e) Cluster 5 (2.7%)

Figure 10.11: The (a-e) 5 lowest order (highest population) RMSD-based
macrostates make up 85.8% of the MD frames for a 16µs trajectory of hemipro-
tonated F10 simulations (150mM Zncl2) with initial coordinates in which zinc and
F10’s phosphate groups have already formed close-range interactions.
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(a) Cluster 1 (31.0%) (b) Cluster 2 (26.7%)

(c) Cluster 3 (19.3%) (d) Cluster 4 (4.3%)

(e) Cluster 5 (3.5%)

Figure 10.12: The (a-e) 5 lowest order (highest population) RMSD-based
macrostates make up 89.7% of the MD frames for a 16µs trajectory of hemiproto-
nated F10 started from an extended structure with randomly placed zinc ions (150mM
ZnCl2).
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(a) Cluster 1 (1.0%) (b) Cluster 2 (1.0%)

(c) Cluster 3 (0.9%) (d) Cluster 4 (0.8%)

(e) Cluster 5 (0.8%)

Figure 10.13: The (a-e) 5 lowest order (highest population) RMSD-based
macrostates make up 4.5% of the MD frames for a 16µs trajectory of fully proto-
nated F10 in 150mM MgCl2.
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(a) Cluster 1 (21.7%) (b) Cluster 2 (17.3%)

(c) Cluster 3 (15.3%) (d) Cluster 4 (4.0%)

(e) Cluster 5 (3.1%)

Figure 10.14: The (a-e) 5 lowest order (highest population) RMSD-based
macrostates make up 61.4% of the MD frames for a 16µs trajectory of fully pro-
tonated F10 in the presence of both zinc and magnesium.
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(a) Cluster 1 (11.3%) (b) Cluster 2 (9.2%)

(c) Cluster 3 (4.0%) (d) Cluster 4 (3.3%)

(e) Cluster 5 (3.0%)

Figure 10.15: The (a-e) 5 lowest order (highest population) RMSD-based
macrostates make up 30.9% of the MD frames for a 16µs trajectory of hemiprotonated
F10 in the presence of both zinc and magnesium.
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(a) Cluster 1 (30.4%) (b) Cluster 2 (22.8%)

(c) Cluster 3 (9.1%) (d) Cluster 4 (6.2%)

(e) Cluster 5 (4.4%)

Figure 10.16: The (a-e) 5 lowest order (highest population) RMSD-based
macrostates make up 72.9% of the MD frames for a 2µs trajectory of polydT sol-
vated in 150mM ZnCl2.
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(a) Cluster 1 (13.0%) (b) Cluster 2 (10.6%)

(c) Cluster 3 (6.2%) (d) Cluster 4 (5.6%)

(e) Cluster 5 (5.0%)

Figure 10.17: The (a-e) 5 lowest order (highest population) RMSD-based
macrostates make up 40.4% of the MD frames for a 2µs trajectory of polyU solvated
in 150mM ZnCl2.
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(a) Radial distribution function
(b) Radial distribution peaks

(c) Hemiprotonated (continued)
F10 and zinc

Figure 10.18: Both simulations with hemiprotonated F10 show closer-range and
higher-activity interactions between O2 and zinc than the simulations containing fully
protonated F10 (a-b). Comparison to two analogous nucleic acids reveals that fully
protonated has higher O2-Zn activity that PolydT and PolyU. Panel (c) shows an
example of zinc (gray) interacting with O2 (red) on Hemiprotonated F10. Zinc and
O2 atoms are displayed using VdW representation for emphasis while other atoms
and bonds are visualized as ball and stick (CPK).
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Chapter 11

All-atom MD indicates
ion-dependent behavior of
therapeutic DNA polymer

This chapter contains stylistic variations from the published manuscript:
Melvin, R. L., Gmeiner, W. H. & Salsbury, F. R. All-atom MD indicates ion-

dependent behavior of therapeutic DNA polymer. Phys. Chem. Chem. Phys. 19,
2236322374 (2017). doi: 10.1039/C7CP03479B.

Abstract

Understanding the efficacy of and creating delivery mechanisms for therapeutic nu-
cleic acids requires understanding structural and kinetic properties which allow these
polymers to promote the death of cancerous cells. One molecule of interest is a 10mer
of FdUMP (5-fluoro-2’-deoxyuridine-5’-O-monophosphate) – also called F10. Here we
investigate the structural and kinetic behavior of F10 in intracellular and extracellular
solvent conditions along with non-biological conditions that may be efficacious in in
vitro preparations of F10 delivery systems. From our all-atom Molecular Dynamics
simulations totaling 80 microseconds, we predict that F10’s phosphate groups form
close-range interactions with calcium and zinc ions, with calcium having the highest
affinity of the five ions investigated. We also predict that F10’s interactions with
magnesium, potassium and sodium are almost exclusively long-range interactions. In
terms of intramolecular interactions, we find that F10 is least structured (in terms of
hydrogen bonds among bases) in the 150mM NaCl (extracellular-like solvent condi-
tions) and most structured in 150mM ZnCl2. Kinetically, we see that F10 is unstable
in the presence of magnesium, sodium or potassium, finding stable kinetic traps in
the presence of calcium or zinc.
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11.1 Introduction

DNA polymers have a tendency for intra-molecular repulsion due to the negative
charges on the oxygens in the phosphodiester backbone’s phosphate groups. However,
environmental factors – such as the presence of positive metal ions in solution with
DNA – can spur the formation of secondary structures. Electrostatic interactions
between metal ions and the phosphodiester’s bond can replace interactions between
the phosphate groups and oxygens in the water. Alternatively, complexes of metal
ions interacting with water molecules can form hydrogen bonds with the phosphate
group’s oxygens.1,2,3,4

Our previous work focused on the effects of MgCl2 and ZnCl2 on a polymer of
5-fluoro-2’-deoxyuridine-5’-O-monophosphate (FdUMP, Figure 11.1) which has been
found efficacious in cytotoxic chemotherapy.5,6,7,8,9,10,11,12 We found this 10mer – F10
for short – formed stable short-range interactions with magnesium and zinc ions in
certain solvation and protonation conditions.13 Given these results, we were curious
about the effects of varying the type of ion present in solution with F10. For com-
parison and elaboration, we have used the data from our previous study on F10 in
zinc-rich and magnesium-rich solvent conditions13 along with novel simulation data
of F10 in calcium-rich, sodium-rich and potassium-rich environments.

This curiosity is not merely academic, however, as understanding the interactions
of various metal ions with nucleic acids has been of much recent interest.14,15? ,16,17,18,19,20,21,22? ,23,24,25

Additionally, the proposed mechanism(s) for F10’s cytotoxic effects indicates that pre-
venting degradation of F10 to FdU monomers prior to cellular uptake will increase its
efficacy as an anti-cancer therapeutic.5,26,27,6 Preventing such breakdown of oligonu-
cleotides is likewise a topic of general recent interest.28 Understanding the structural
and kinetic behaviors of F10 caused by both biologically relevant and laboratory
preparation solvent conditions will aid in rational development of delivery systems
for F10.

We found the particular counterion used changes the type, frequency and lifetime
of secondary structures. In the presence of calcium, F10 consistently formed highly
stable structures lasting up to 5 microseconds at a time. We observed a similarly
stable structure emerging in the presence of zinc. Additionally, potassium induces
F10 to form more extended structures than the other metal ions while calcium induces
F10 to form more compact structures.

11.2 Methods

11.2.1 Simulation configuration

All-atom molecular dynamics simulations were performed under the canonical ensem-
ble (NVT) using ACEMD29 on Metrocubo GPU workstations. The simulations were
run with Langevin thermostat at a temperature of 300K, 4fs timestep (using hydrogen
mass repartitioning), 9-angstrom cutoff for switching VdW and electrostatic forces
(with a switch distance of 7.5 angstroms). Long range electrostatics were calculated
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Figure 11.1: To produce 5-fluoro-2’-deoxyuridine-5’-O-monophosphate in silico, we
substitute fluorine for a methyl group on a thymidine monophosphate. The sugar
numbering, base numbering and atom coloring shown here are adopted throughout
this paper.

using a smooth particle mesh Ewald method.30,31 Prior to production runs, 1,000
steps of conjugate gradient minimization was performed.

The CHARMM27 forcefield was used, supplemented with F10 parameters,32,33

which have been previously validated33,34 and implemented for Molecular Dynamics
simulations,33 an increasingly powerful and popular tool in drug discovery.35,36 F10
was solvated in a 50-angstrom cubic water box and the concentration of each counter
ion was set to 150mM of the given salt using VMD’s37 “Add Solvation Box” and
“Add Ions” tools with salt concentrations set using the “Neutralize and set” option.

The forcefield parameters used here have been previously validated for FdU sys-
tems in the presence of zinc and magnesium in computational and experimental stud-
ies.32,33,34 The validation of these two divalent metal ions is particularly important
given that divalent ion MD simulations have been shown less reliable than simula-
tions of monovalent ions.38,39,40 The other ions investigated here have not yet been
experimentally validated with FdU; however, they have been applied in a variety of
other studies of nucleic acids in the presence of various ions of which we cite a few
examples.41,42,43 Obviously, the results for these ions are only as valid as the input
forcefield parameters. In recent years, there has been much discussion of the limita-
tions of and work on improving MD forcefields – especially with respect to metal ions
– of which we cite a few examples.44,45,46,47,42,48

11.2.2 Processing and analysis

For each F10-ion system, a one-microsecond and three five-microsecond simulations
were run, resulting in a total of 16 microseconds of data for each system. All simu-
lations were strided to one frame per nanosecond, resulting in 16,000 frames in each
of the final 5 trajectories used for analysis. Prior to analysis we also removed the
water molecules and chlorine ions from the systems, leaving F10 and the metal ion of
interest in each trajectory.

To determine the relative stability of each system and to define structural macrostates,
we used HDBSCAN49,50 clustering, which has been demonstrated particularly effec-
tive with molecular dynamics trajectories.51 This is a density-based method that
results in a hierarchical clustering. However, HDBSCAN differs from other hierarchi-
cal techniques in that it does not cut the final dendrogram at one point but rather
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selects clusters from multiple levels of the tree. The only parameter for HDBSCAN
that a user need set is minimum cluster membership, which we set at two – meaning
that any singleton clusters will be labeled as noise. For HDBSCAN, we used as input
features all heavy-atom Cartesian coordinates.

Treating these HDBSCAN clusters as structural macrostates (and under the as-
sumption that the systems are Markovian – memoryless – with respect to each 1ns
time step), we created a Markov chain of transitions between macrostates. From this
chain, we constructed a Markov rate matrix, indicating the transition rates between
all pairs of states. We then exponentiated this matrix to natural number values and
recorded the likelihood that a transition occurs between states at various timescales.
Whenever a transition was more than 50% likely, we considered that transition to
have occurred. In this fashion, we simulated transition pathways among macrostates,
as seen in Figure 11.3.

We calculated a Pearson correlated motion matrix of C1’ atoms. We performed
Principal Component Analysis (PCA), reducing the number of coordinates from
3× number of atoms to just a few components capturing a large portion of dynamic
variance in the simulations. Projecting the individual system trajectories onto eigen-
vectors representing the two highest-variance principal components, binning the pro-
jections with two-dimensional histograms, and calculating free energy values with

∆G = −kT ln
P

P0

(11.1)

(where k is Boltzmann’s constant, T is temperature (300K), P is the population
of a bin and P0 is the population of the most populated bin), we estimate a free
energy landscape for the polymer’s dynamics. For comparison across systems, we
first calculated principal components for the concatenated trajectory of all 5 systems
to create a common basis set. We then projected coordinates from each system
individually, producing a free energy landscape for each of the five solvent conditions
in a common space. For these calculations, atomic coordinates were read into Matlab
using MatDCD. i Plots were produced with in-house Matlab scripts, which we have
made available online via figshare.52

To quantify ion interactions with F10, we used the “Radial Pair Distribution
Function g(r)” plugin in VMD, setting “delta r” (the radial step size) and “max r” (the
maximum radius) set to 0.1 and 35 angstroms respectively. To plot radial distribution
functions, we used Grace, a WYSIWYG 2D plotting tool for the X Window System.
For determining base-base interactions we employed DSSR, a new component of the
3DNA suite of software programs.53,54?

To determine the flexibility and compactness of F10 with respect to the type
metal ion present in solution, we calculated the worm-like chain persistence length
and distributions of radius of gyrations (RGYR) of F10 when solvated with each
respective salt. Persistence length is calculated using

〈R2〉 = 2Pl

[
1− P

l

(
1− e− l

P

)]
(11.2)

iwww.ks.uiuc.edu/Development/MDTools/matdcd/
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where P is persistence length, R is end-to-end distance and l is contour length – 55Å
for F10.

11.2.3 Visualizing ensembles

We produced all structure images in VMD and Tachyon.55 For indicating uncertainty
using shadows,56 we rendered the representative (solid) structure and each frame in
the shadows separately. We then layered the output image files using Pillow, a fork of
the Python Image Library. These images provide a representative conformation for
the cluster as solid with shadows showing the full width of the ensemble distribution.
The representative structure in each visualization is that with the smallest RMSD
from the average of all structures in the cluster. We have previously detailed this
visualization style and the statistical rationale thereof.56 Scripts for rendering such
images are available online via figshare.57

11.3 Results

11.3.1 Clustering

Clustering with HDBSCAN labeled 87.78% of frames from simulations solvated in
150mM KCl as noise. The vast majority of the MgCl-solvated and NaCl-solvated
simulations were likewise labeled noise – 82.14% and 77.72% respectively. Of the
system solvated with 150mM ZnCl2, 37.73% of the frames were labeled with noise
along with 5.11% of the simulation solvated with 150mM CaCl2.

In the calcium-rich simulations of F10, HDBSCAN also found three preferred
structural states respectively making up 31.08%, 30.24% and 23.61% of all frames
from F10 solvated with 150mM CaCl2. Likewise, in the simulation of F10 solvated
with 150mM ZnCl2, HDBSCAN found one preferred state making up 18.88% of the
zinc-rich simulation frames. Visualizing these states (Figure 11.2) reveals that most
of the structural variation in these states comes from the bases, with little variance
difference among the frames coming from the phosphodiester backbone. HDBSCAN
also revealed additional states lasting for a few nanoseconds at a time (Supplementary
Information Figure 11.9).

Markov analysis of these clusters (see Methods) indicates each system has one or
two kinetic traps (Figure 11.3) on microsecond timescales. Across all systems, these
traps tend to be compact. Visualizing the ensembles of conformations comprising
these traps indicates most of the variance within these traps comes from motion of
the phosphodiester backbone rather than the nucleosides.

11.3.2 Persistence length

Persistence length calculations indicate that F10 tends to form relatively flexible,
compact structures in the presence of calcium while forming rigid, relatively extended
structures in the presence of potassium (Table 11.1). The lowest observed persistence
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Table 11.1: Calculating persistence length based on the worm-like chain model
reveals that F10 in the presence of potassium exhibits the most local stability while
F10 in calcium chloride exhibits the least. Since F10’s persistence length is smaller
when solvated in 150mM NaCl than in 150mM KCl, we predict that a strand of F10
would less compact inside of a cell than outside. We also predict that a calcium-rich
environment would induce the most compact structures of F10 while a potassium-rich
one would induce the least compact.

Solvent ion Persistence length (Å)

Ca 3.31
K 4.24
Mg 3.77
Na 3.67
Zn 3.55

length of F10 comes from simulations of the polymer in 150mM CaCl2. The largest
observed persistence length occurs in simulations of F10 solvated in 150mM KCl. We
see a similar pattern of compactness in terms of distributions of RGYR values, as
seen in Supplementary Information Figure 11.10.

11.3.3 Correlated motions

Calculating correlation matrices for F10 C1’ atoms (Figure 11.4) reveals little in-
tramolecular communication in the form of highly correlated or anti-correlated mo-
tions in simulations solvated with KCl, NaCl and MgCl2. However, F10 solvated
in ZnCl2 does show some off-diagonal correlated motion (Figure 11.4e). More and
stronger instances of off-diagonal correlation occurs in the simulation of F10 solvated
in CaCl2 (Figure 11.4c).

11.3.4 PCA

Projecting each system’s trajectory onto a common basis set (Figure 11.5 reveals
much structural and kinetic overlap among simulations of F10 solvated with 150mM
KCl(Figure 11.5a), 150mM NaCl (Figure 11.5b) and 150mM MgCl2 (Figure 11.5d).
These projections also indicate that F10 solvated in 150mM CaCl2 explores a portion
of the same space as the other systems but also ventures into its own unique region
of principal component 1-2 space.

Additionally, ZnCl2 seems to stabilize regions explored by the other systems. Note
that the area of PCA1-2 space explored by the systems rich in zinc, potassium,
sodium and magnesium fall roughly in the same region of the principal component
space. However, the latter three system projections are each one wide well. The zinc
system, however, is relatively shallow in most of the space but has a few regions of
much lower free energy.
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11.3.5 Base-base interactions

Analysis of base-base interactions revealed that F10 is least likely to form base-base
interactions (hydrogen bonds among two or more bases) in 150mM NaCl and most
likely to form base-base interactions in 150mM ZnCl2 (Figure 11.6). F10 solvated
in 150mM NaCl formed at least one base-base interaction in only 10.5% of trajec-
tory frames. When solvated in 150mM ZnCl2, F10 formed at least one base-base
interaction in 28.4% of trajectory frames. The distribution of number of base-base
interactions formed in each solvent condition is include in Supplemental Information
Figure 11.

11.3.6 Radial distribution functions

The radial distribution function of F10 to each of the solvent ions investigated reveals
that calcium and zinc tend to form short-range interactions with F10 while magne-
sium, potassium and sodium tend to form long-range interactions (Figure 11.7a-b).
The highest peak in the radial distribution function of any F10 atom to any calcium
atom is 52.5 and occurs at a radius of 2.15Å. The highest peak in the radial distri-
bution function of any F10 atom to any zinc atom is 36.8 and occurs at a radius of
1.95Å.

All metal ions prefer interacting with F10’s backbone to F10’s nucleic bases. This
phenomenon is seen by comparing the radial distribution function of metal ions to
phosphorous atoms, which are located in F10’s backbone, with that of metal ions to
fluorine atoms, which are located in F10’s bases (Figure 11.7c-f).

The radial distribution function of F10’s phosphorous atoms to calcium ions in-
dicates a strong affinity between these two sets of atoms. Among the five ions in-
vestigated, calcium shows the highest affinity for F10 overall (Figure 11.7) and F10’s
phosphorous atoms (Figure 11.7c-d). The highest peak in the radial distribution
function of any F10 phosphorous atom to any calcium atom is 553.4 and occurs at a
radius of 3.55Å.

Zinc also shows a relatively high affinity for F10 and its phosphate groups. The
highest peak in the radial distribution function of any F10 phosphorous atom to any
calcium atom is 334.9 and occurs at a radius of 3.45Å. The peaks in radial distribution
functions of magnesium, potassium and sodium to F10 and the phosphorous atoms on
its backbone are an order of magnitude lower than those of calcium and zinc (Figure
11.7).

11.3.7 Visualizing ion interactions

Visual inspection of ion positions relative to F10 atoms (Figure 11.8) shows close
range interactions between calcium and zinc ions with F10 phosphate groups, com-
mensurate with radial distribution function analysis (Figure 11.7). In two of the
three stable, high population states seen in calcium simulations, calcium ions medi-
ate interactions between bases (Figure 11.8b-c). These phosphate-calcium-phosphate
interactions appear to be stabilizing hairpin-like structures.
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These metal-ion-mediated phosphate interactions do not appear in the stable, high
population state observed in a zinc-rich simulation (Figure 11.8d). Rather, in this
stable state, zinc interactions and the F10 conformation they induce appear similar to
the representative structure of HDBSCAN cluster 4 (Figure 11.8a) from the calcium-
rich simulations.

11.4 Discussion

11.4.1 High-population structural states

From HDBSCAN clustering of F10 structures from each solvent condition, we see
that calcium and zinc induce consistently preferred structures (Figure 11.2) with
lifespans of up to a few microseconds (Supplemental Figure 9). These structures
are compact, as seen visually and confirmed with both worm-like chain persistence
length (Table 11.1) and RGYR (Supplemental Figure 10) calculations. Previous
experimental results have shown that calcium chloride is particularly effective at
reducing the worm-like chain persistence length of single-stranded DNA,24 consistent
with our specific predictions for calcium and F10 presented here. Additionally, sodium
chloride has been experimentally shown to induce the larger persistence lengths in
single-stranded DNA,24? again consistent with the predictions of our simulations of
F10.

In the case of calcium-rich simulations, the formation of stable states corresponds
to more and stronger correlated motions than observed in any other solvent condition
(Figure 11.4). That is, along with the stability of these high-population states comes
increased intramolecular communication in the form of correlated motions. However,
these calcium-induced structures are relatively less structured than those in other
solvation conditions, as only the sodium-rich simulations showed a lower likelihood of
forming base-base interactions than the calcium-rich simulations (Figure 11.6).

A similar, though less stark, increase in off-diagonal correlated motions emerged in
zinc-rich simulations (Figure 11.4), accompanying a high population structural state
(Figure 11.2d). When solvated in 150mM ZnCl2, we also saw that F10 was most likely
to form at least one base-base interaction (Figure 11.6), indicating zinc-induced states
are more structured (in terms of hydrogen bonds involving two or more bases) while
having less correlated motion than calcium-rich simulations.

From PCA projections onto a common basis set, we see that calcium induces
F10 to explore a unique portion of principal component 1-2 space not explored when
in solution with other metal ions (Figure 11.5). Zinc, on the other hand, stabilizes
particular structures that are explored when in solution with potassium, magnesium
or sodium (Figure 11.5e).

From our molecular dynamics simulations, we predict that calcium induces F10
to form unique, stable – relatively unstructured – states that exhibit higher levels
of correlated motion than the other metal ions investigated. Therefore, if one wants
to induce kinetically stable (on a microsecond timescale) states of F10, we recom-
mend preparation of the polymer in a calcium-rich environment. However, induce

307



the formation of hydrogen bonds among F10 bases, we recommend preparation of the
polymer in a zinc-rich environment.

Various effects of metal ions with respective to nucleic acid structural and ther-
modynamic stability have been experimentally observed.18,14,15? ,19,16,24,21,25,58 Here
we predict specific interactions with F10, namely that both calcium and zinc induce
stable states with calcium inducing the most stable states and zinc inducing the most
structured states.

11.4.2 Metal ion interactions

From the analysis of metal ion and nucleic acid interactions with radial distribu-
tion functions, we see that calcium and zinc prefer to form close-range (around 2Å)
interactions with F10 whole magnesium, potassium and sodium form longer range
interactions in more of a diffuse ion cloud, a typical type of ion interaction that has
been experimentally observed.59,24,48

Close-range interactions of F10 and zinc (Figures 11.7 and 11.8d) have been
predicted with first principle calculations and confirmed experimentally.32 However,
the experimentally confirmed interactions were with F10’s nitrogenous base, not the
phosphodiester backbone. We have resolved this apparent conflict with molecular-
dynamics-based predictions of F10 and zinc interactions elsewhere,13 showing a mech-
anism of complexation that involves zinc-induced deprotonation of F10. In this previ-
ous study, we used the same forcefield parameters used here (see Methods) to repro-
duce experimental the results of Ghosh et al., 2011.32 Such interactions of F10 and
zinc are of particular interest in drug discovery, as both are cytotoxic, and zinc has
been demonstrated efficacious for selectively treating prostatic adenocarcinoma.60,61

Close-range interactions of F10 and calcium have not previously been observed
or specifically predicted. However, the effects of calcium on nucleic acids has been a
topic of interest for several decades.62,63,64,65,66,67,68,69 From our simulations, we predict
that calcium has the highest affinity for F10 of any of the ions tested (Figure 11.7a-
b). Additionally, we predict that short-range calcium interactions are primarily with
F10’s phosphate groups (Figures 11.7c-f and 11.8a-c). The F10-calcium interactions
predicted by our simulations may indicate a potential avenue of investigation for F10
delivery, as calcium increases the likelihood of cellular uptake of extracellular DNA
by means of endocytosis.64,62,70

We have discussed in previous work the interactions of F10 and magnesium.13 Our
work and other computational and experimental studies indicate that a hemiproto-
nated state (every other N3 atom deprotonated) is necessary for close-range interac-
tions between F10 and Magnesium.13,32

11.4.3 Cellular transport

While other metal ions are present, the dominant intracellular ions are K+, and the
dominant extracellular ions are Na+. Therefore, comparing the predictions of our
simulations of F10 in 150mM KCl with those of F10 in 150mM NaCl may provide
insights about the behavior of the polymer with respect to drug delivery systems.
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Unfortunately, as indicated by HDBSCAN clustering, F10 does not assume a
single stable structure in either the potassium-rich or sodium-rich simulated solvent
conditions, so we cannot predict a structure for F10 in these conditions. However,
there are general structural and kinetic properties we can predict from these results.
The most obvious property is that F10 is structurally unstable in both solvent con-
ditions – having no single conformation that exists for more than a few nanoseconds
(Supplemental Figure 9).

From the persistence lengths calculated in Table 11.1, our simulations indicate that
F10 is overall more compact and flexible in a sodium-rich environment. This assertion
– with regards to compactness – is backed up by a a narrowing of the distribution of
F10 RGYR values in 150mM NaCl compared to 150mM KCl (Supplemental Figure
10). Therefore, we would predict that as F10 moves into a cell, it would become more
elongated and rigid than it would be outside of the cell.

The percentage of frames observed to have base-base interactions in various sol-
vent conditions (Figure 11.6) indicates that F10 is least structured in 150mM NaCl.
Therefore, we would predict that as F10 moves into a cell it would becomes more
structured, having more hydrogen bonds form among bases.

11.5 Conclusions

Based on a total of 80 microseconds of all-atom molecular dynamics data, we predict
that F10’s phosphate groups have a relatively high affinity for calcium and zinc ions,
being most attracted to calcium of the five ions investigated here. We find that the
primary interactions of F10 with calcium and zinc are close-range (2Å) while the
interactions with magnesium, sodium and potassium are long-range. Interactions of
F10 and zinc have been investigated in other computational13,32 and experimental
studies,32 parameters from which were used in simulations performed here. However,
F10’s interactions with calcium have not been previously been investigated. These
interactions deserve further investigation, as they may indicate a avenues of investi-
gation for F10 delivery systems.

Given the prevalence of sodium ions in in vivo extracellular environments and
that of potassium in intracellular environments, our respective simulations rich in
these ions provide insight into F10’s behavior with regards to cellular transport. Our
simulations predict that F10 would be more compact and flexible in an extracellu-
lar environment. Additionally, they predict that F10 would form more base-base
interactions in an intracellular environment.

The concentrations of NaCl and KCl in our computational studies mimic those
in extracellular and intracellular environments respectively. However, concentrations
of the other ions investigated are much higher than physiological concentrations71.
We intend the results from these studies to inform laboratory preparation of F10 in
various in vitro environments.

F10 has strong activities in multiple pre-clinical models of cancer and is more
efficacious and better tolerated5,6,7,8,9,10,11,12 than 5-fluorouracil (5-FU).72? Given the
oligonucleotide’s demonstrated promise as an anti-cancer therapeutic, we hope that
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the metal-ion-dependent behavior of F10 predicted here encourages and informs future
work into F10 delivery systems.
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Figure 11.2: The three stable structures that emerged in the simulation of F10
solvated in 150mM CaCl2 (a-c) are all partially folded, compact structures. From
the shadows showing the width of the distribution of conformations, we see that the
phosphodiester backbone is stable across all frames in each cluster, with the variations
coming from nucleobases. Similarly, the stable structure that emerges in the second
5-microsecond simulation of F10 solvated in 150mM ZnCl2 is compact, but unlike
those from the calcium-rich simulation the structure from the zinc-solvated simu-
lation is relatively unstructured. Cluster numbering corresponds to Supplementary
Information Figure 11.9.

311



Figure 11.3: Calculating transitions between structural macrostates using Markov
analysis (see Methods) indicates each system has one or two kinetic traps on a mi-
crosecond timescale. The conformational ensemble comprising the longest-lived one
or two states. For systems where two states are visualized in this figure, the ensemble
is placed closest (vertical distance) to line on the plot representing that state. The
plots of Macrostate vs Timestep were constructed by simulating a system starting
from each macrostate (y-tick value) directly from a Markov Rate Matrix. The rate
matrix made using a lag time of 1ns is exponentiated over natural number values,
and whenever a transition becomes more than 50%, that transition is considered to
have occurred. Vertical dotted lines represent the point at which a transition occurs.
The color of each vertical line corresponds to its starting state.

312



Figure 11.4: C1’ correlation matrices of each system indicates little communication
occurring between nucleic bases in simulations of F10 solvated in 150mM KCl(a),
NaCl (b) or MgCl2 (d). However, off-diagonal correlation and anti-correlation emerges
most prominently in simulations solvated in 150mM CaCl2 (c) or ZnCl2 (e). The
particularly strong correlation in the calcium-rich simulations is expected based on
the structured conformations seen in Figure 11.2.
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Figure 11.5: Projecting each system (a-e) onto a common basis (f) reveals that
the simulations with F10 solvated in 150mM KCl(a), NaCl(b) or MgCl2 (d) overlap
with one another in terms of the portion of PC1-2 space explored. F10 solvated in
150mM CaCl2 explores a portion of this same space but ventures into its own region of
principal component space, unexplored by F10 in any other solvation condition. The
narrow wells appearing in the projection of the ZnCl2-solvated system (e) indicates
that zinc stabilizes regions of the other four systems.
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Figure 11.6: Calculating the percent of frames with at least one base-base interac-
tion in each system shows that F10 solvated in 150mM NaCl is the least structured
in terms of hydrogen bonds involving two or more bases. Zinc-rich simulations of F10
had the highest percentage of frames with at least one base-base interaction. Here we
see that the higher level of kinetic stability seen in simulations of F10 solvated in zinc
chloride (Figure 1) is due to hydrogen bonds between bases. However, the relatively
lower percentage of base-base interactions in calcium-rich simulations indicates that
the high level of stability seen in calcium-chloride-solvated simulations is not due to
more frequent or long-lasting hydrogen bonds between bases.
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Figure 11.7: The radial distribution functions of nucleic atoms and metal ions for
each system implicates short-range interactions with metal ions as responsible for the
relatively higher level of stability observed in calcium-rich and zinc-rich simulations
of F10 (a-b). Additionally, comparing radial distribution functions for phosphorous
atoms – found only on the nucleic backbone – and metal ions (c-d) with radial dis-
tribution functions for fluorine atoms – found only on nucleic bases – suggests it is
backbone interactions with zinc and calcium rather than nitrogenous base interactions
with the metal ions that are responsible for this stability.
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Figure 11.8: Visual inspection confirms that calcium (a-c) and zinc (d) form close-
range interactions with the most stable conformations of F10. In both systems, we
see instances of both single and multiple phosphate groups interacting with the metal
ions. The cluster representatives shown here correspond to those in Figure 2. F10
is visualized with both New Ribbons and CPK representations from VMD. In the
ribbons, F10 is colored by segment. Calcium is shown as blue, and zinc as gray in
VDW representation.
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Figure 11.9: Plotting HDBSCAN clustering as timeseries indicates that calcium
and zinc (c, e) induce long-lived (up to microseconds at a time) states for F10 while
potassium, sodium and magnesium (a, b, d) have much shorter lived states (only a
few nanoseconds).
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Figure 11.10: The largest observed persistence length occurs in simulations of F10
solvated in 150mM KCl. We see a similar pattern of compactness in terms of distri-
butions of RGYR values.
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Figure 11.11: Histogram counts of base-base interactions in each trajectory frame
reveals that F10 prefers single base-base interactions.
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Abstract

Given their increasingly frequent usage, understanding the chemical and structural
properties which allow therapeutic nucleic acids to promote the death of cancer cells is
critical for medical advancement. One molecule of interest is a 10-mer of FdUMP (5-
fluoro-2’-deoxyuridine-5’-O-monophosphate) also called F10. To investigate causes
of structural stability, we have computationally restored the 2’ oxygen on each ribose
sugar of the phosphodiester backbone, creating FUMP[10]. Microsecond time-scale,
all-atom, simulations of FUMP[10] in the presence of 150 mM MgCl2 predict that the
strand has a 45% probability of folding into a stable hairpin-like secondary structure.
Analysis of 16 µs of data reveals phosphate interactions as likely contributors to the
stability of this folded state. Comparison with polydT and polyU simulations predicts
that FUMP[10]’s lowest order structures last for one to two orders of magnitude
longer than similar nucleic acid strands. Here we provide a brief structural and
conformational analysis of the predicted structures of FUMP[10], and suggest insights
into its stability via comparison to F10, polydT and polyU.
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12.1 Introduction

The list of biological functions modified by oligonucleotide therapeutics grows ever
larger1,2,3,4,5,6,7,8,9,10,11,12,13,14,15, making them ideal candidates for treatments across a
wide variety of diseases. A subset of these polymers has proven particularly useful
in cytotoxic chemotherapy as both drug delivery systems and inhibitors of cancer
growth16,17,18,19,20,21. While some nucleobases are diffusible through cell membranes,
e.g., 5-fluorouracil (5-FU)16,22, delivery systems for oligonucleotides, generally focus-
ing on maintaining the stability of the polymer in vivo until reaching its target, are
a major focus of current research23,24? ,25,26.

Given that F10, a 10-base polymer of FdUMP (5-fluoro-2’-deoxyuridine-5’-O-
monophosphate), is cytotoxic,27,28,21,29 demonstrably more efficacious as a thera-
peutic, and better tolerated in vivo 19,30,31,32 than the widely used 5-fluorouracil (5-
FU)33? , we are interested in methods for increasing both the structural and chemical
stability of this polymer. We have previously investigated F10’s response to mag-
nesium34 and were curious about the polymer’s lack of structural stability in its
presence. To gain further insight, we computationally restored the 2’ oxygen on
each ribose sugar of the phosphodiester backbone, creating FUMP[10] (Figure 12.1),
which all-atom MD simulations predicted to form stable hairpin conformations (Fig-
ure 12.2A) in the presence of magnesium. This structural response is starkly different
from that of F10, which is unstructured and unstable in the presence of magnesium
chloride34.

Our particular interest in magnesium with respect to this polymer comes from
previous experimental results and first principal calculations from FdU-substituted
DNA in the presence of Mg2+ ions35. Here we use molecular dynamics (MD) force-
field parameters informed by and supplemented with such experimental results re-
garding FdU36,35,37 and F1018,19,20,30,29,32,27,28. Furthermore, ion-dependent behav-
ior of nucleic acid strands has been of ongoing and longstanding interest in many
contexts38? ,39,40,41,42,43,44,45,46,47,48,49 with particular interest in the role of magne-
sium50,51,52,53,54,55.

Here we propose a 3-state model of FUMP[10] folding and unfolding (Figure 12.2A-
C) along with comparisons to a 10-nucleotide strands of thymine (polydT), uracil
(polyU), and F10 itself. From this comparison, we present insights into FUMP[10]’s
relatively high level of stability. We have performed a similar analysis of F10 in
the presence of magnesium elsewhere34. However, given the current interest in F10
as an anti-leukemic therapeutic and a general need for greater understanding of
the structural and chemical properties that allow it and other therapeutic nucleic
acid polymers to promote the death of malignant cells we consider this analysis
of this chemically perturbed polymer’s structure and kinetics deserving of its own
presentation.
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Figure 12.1: The nucleotides of the 10mer 5-fluorouridine-5’-monophosphate
(FUMP[10]) is produced computationally by replacing a thymidine monophosphates
methyl group with fluorine and adding a hydroxyl group at C2’. Throughout this
paper, we use the sugar numbering, base numbering and atom colors shown here.

12.2 Methods

12.2.1 Forcefield parameters

The CHARMM27 forcefield used here is based on the interaction energies of small
model systems determined by both quantum mechanics computations and direct ex-
periment57,58,59. For MD simulations in general, the strength of the simulation de-
pends on the reliability of the force field parameters. Obviously, the closer the model
system used in fitting the forcefield parameters is to the system to be simulated, the
more trustworthy the resulting structural and kinetic predictions will be. To this
end, we use a modified version of the CHARMM27 forcefield with additional parame-
ters for FdU based on experimental data and quantum mechanics computations done
by Ghosh, 201135, and previously validated on simulations of DNA topoisomerase 1
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Figure 12.2: For each macrostate – (A) folded, (B-C) partially folded and (D) ex-
tended – the strcuture with the smallest RMSD from the average structure is shown
as solid with shows representing one standard deviation (by RMSD). These shadows
serve as a conformation space uncertainty sphere, revealing the variety of confor-
mations in each macrostate56. Python code for producing such figures is available
at https://doi.org/10.6084/m9.figshare.1601897. In the case of the partially
folded state, we have included (C) an ensemble of the top 10 conformations (i.e.,
median structures of the top 10 microstates by population).
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(Top1) and FdU-substituted DNA60.

12.2.2 Solvation conditions

These refined forcefield parameters informed our choice of neutralizing ions used in
computationally solvating our systems, as the experimental work and quantum me-
chanics calculations referenced above compared interactions of FdU with zinc and
magnesium, respectively35. We solvated each nucleic acid strand in a cubic explicit
TIP3P water box, 50 Å on a side, using the Add Solvation Box plugin in VMD61. The
addition of counter ions to the solvent is particularly important for polyelectrolytes
such as oligonucleotides.

In the protonation state used in our work, each polymer FUMP[10], F10, polyU,
and polydT carries a net -9 fundamental charges throughout the simulation, one from
each of the phosphate groups in the respective backbones. This protonation state of
backbone phosphates was selected for ease of comparison with previous computational
work35,60,36,34, including calculations validated in joint computational-experimental
studies35,60,36. As in most molecular dynamics simulations, we simulate the most
probable protonation state, this is an approximation but should be a minor approxi-
mation for this system. In order to simulate a constant-pH, see for example Lee et al.,
2004 62, we would have to sacrifice long-time sampling enabled in ACEMD, which is
a more serious concern given the need for extensive sampling.

Additionally, in vivo, in vitro and in silico interactions among residues are con-
strained by repulsive forces between these charges. The addition of positively charged
magnesium ions in the form of magnesium chloride screens these negative charges from
one another. Neutralizing the simulations total charge and setting the concentration
to 0.150 M MgCl2 using VMD’s Add Ions tool resulted in an ionic strength of 0.2790
M. For a discussion of nucleic-acid ion interactions with commentary on the impli-
cations for MD simulations, see recent review by Lipfert, 201449. In the simulations
conducted here, imino nitrogens on all nucleic acid strands were fully protonated. For
a discussion of physiological protonation states and their effects on such polymers,
see Melvin et al., 2016 34.

12.2.3 Simulation protocols

Simulations were run under the canonical ensemble (NVT), which is the thermo-
dynamic ensemble recommended for the ACEMD63 simulation software used. As
ACEMD’s is optimized for NVT63 on GPUs, selecting this ensemble allowed for longer
simulation times given the computational resources available. Furthermore, solvated
systems each contain more than 10,000 atoms, all statistical ensembles should con-
verge to the same result. For a discussion of the viability of this ensemble for ACEMD
production runs, see Harvey et al., 2009 63. Hydrogen mass repartitioning as imple-
mented in ACEMD allowed us to use 4fs time steps in our production runs. Before
beginning these production runs, systems underwent 1000 steps of conjugate-gradient
minimization. During simulation, systems were held at 300K using a Langevin ther-
mostat. For VdW and electrostatic forces, we applied a 9 Å cutoff and 7.5 Å switch-
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ing distance, calculating long-range electrostatics with a smooth particle mesh Ewald
(SPME) summation method64,65. These simulations were run on Titan GPUs in
metrocubo workstations produced by Acellera. The combination of this hardware
and ACEMD, which is optimized for GPUs, allowed for traditional MD simulation
rates of greater than 300 ns/day on the oligomers discusses here. Due to these rela-
tively quick simulation times, we chose traditional MD for all simulations.

The initial structure for all simulations was an extended state. Using default pa-
rameters in ACEMD, atoms are randomly assigned initial velocities. While the initial
state certainly has an effect on simulations, the simulations presented here are of suf-
ficient length to overcome such effects. This assertion is bolstered by supplementary
Figure S1, showing that simulations have time to sample structures distinct from the
starting state.

12.2.4 Processing and analysis

Prior to structural and kinetic analysis, we concatenated data from four FUMP[10]
simulations (one 1 µs and three 5 µs) totaling 16 µs in one trajectory. We then
resampled the data at a rate of 1 frame every 5n s for a final trajectory of 3200
frames. This sampling rate was chosen to simplify visualization of clustering data
and to expedite memory-intensive analysis techniques. For both polydT and polyU,
we ran two 1 µs simulations, concatenating the resulting data into one trajectory for
each respective oligonucleotide and resampling at a rate of 1 frame per 1ns for a total
of 2000 frames in each trajectory. In the process of concatenating these trajectories,
we also removed the water molecules and metal ions used in the original solvation.
For construction of Figure 12.7, showing the difference in ion interactions with radial
distribution functions, we returned to the raw simulation outputs and resampled each
systems data at a rate of 1 ns per frame without removing any water or ion atoms.
Due to memory limitations, only the first 11 µs of F10 data are included in this
analysis. These trajectories including water and ions were also used in the analysis
of each nucleic acids formation of hydrogen bonds with water.

For the purpose of clustering and Markov analysis, we used the quality threshold
(QT)66 RMSD clustering method in VMD61 for partitioning the conformations of each
system. We initially defined each frame in the F10 trajectory to be a microstate (i.e.,
3200 microstates) and searched for 50 macrostates with RMSD QT clustering with a
51st macrostate used as a catchall for any structures VMD could not place in these 50
bins. We adjusted the RMSD cutoff parameter to minimize the number of singleton
states outside state 51, resulting in final choice of 5 Å. For comparison of conformation
stability, we applied this same cutoff and number of clusters to polydT and polyU.
Based on visual inspection, RGYR and measurement of end-to-end distance of the
51 FUMP[10] states, we determined that there were only three structurally distinct
macrostates for FUMP[10]. The lowest order macrostate of the 51 (Figure 12.2A)
is clearly a folded state. The second macrostate of the 51 (Figure 12.2D) is an
extended state. The remaining 49 states are all intermediate or partially folded
states (Figure 12.2B-C). That is, they are neither compact and structured nor fully
extended. Therefore, we collapsed the 49 highest order states into one macrostate.
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Note that the QT clustering algorithm produces the same three macrostates if the
desired number of clusters is set at 2 – 1 folded, 1 extended and third catchall state
for any microstates not fitting in the requested 2 bins. In-house Matlab scripts, which
we have made available for free online via figshare (https://doi.org/10.6084/m9.
figshare.1566809), enabled the subsequent Markov analysis.

Admittedly, more specific structural and kinetic analysis would be available to
us in a 51-state model rather than a 3-state model. However, our goal is to provide
general insights into structural stability of FUMP[10]. Therefore, we present instead
three distinct structural states predicted by the simulations and the statistics of tran-
sitions among them. For those interested, we provide analysis of the 51-state model
in supplementary Figures S1 and 12.2 and supplementary Table S1.

When investigating the stability of each oligonucleotide, we used VMD’s hydrogen
bond plugin with a donor-acceptor distance cutoff of 4 Å and a bond angle cutoff of
60 degrees. Phosphate interactions in the RNA and DNA structures were analyzed
using DSSR, a new component of the 3DNA suite of software programs67,68? ,69. By a
phosphate interaction, we mean an electrostatic interaction in which phosphate group
accepts a hydrogen bond from a nucleotide. This effect has been observed in several
RNA crystal structures in the RCSB database70, as shown in a meta-study across
several such structures by Zirbel et al., 2009 71.

We defined a native contact distance of 12 Å between backbone phosphorous
atoms. This cutoff was chosen by finding the largest distance between backbone
phosphorous atoms on two bases undergoing a phosphate interaction as detected
by DSSR. Using the microstate with the largest number of phosphate interactions
(Figure 12.3) as a reference structure and ignoring native contacts found between any
residues i and j where j < i+3 (for residue numbering, see Figure 12.3), we executed
the native contacts search using the Python package MDAnalysis72.

12.3 Results and discussion

FUMP[10] macrostates and kinetics

From RMSD clustering on 16µs of FUMP[10] simulation data, we identified three
structurally distinct macrostates (Figure 12.2). The highest probability state (44.81%
likely) is a hairpin structure (Figure 12.2A) All microstates i.e., frames in this
macrostate maintain a hairpin-like conformation. The second most likely macrostate
(41.63%) is the most varied. Conformations in this macrostate are neither com-
pact nor extended but are intermediate states in the folding and unfolding processes
FUMP[10] undergoes. The assembly of these macrostates does not provide a clear
median structure for this intermediate state (see methods). Therefore, for all figures,
a representative for this most varied state was chosen at random from the constituent
microstates. The extended or unfolded macrostate (13.56%) has as its median
structure a nearly fully extended conformation. All structures within this macrostate
exhibit a similarly extended shape.

Using this three-state model, we recover the kinetics of the simulation by con-
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Figure 12.3: The most common base interactions across and within all macrostates
are phosphate interactions wherein an oxygen atom in one phosphate group accepts
a hydrogen bond from a nucleotide. The numbered residues are those referenced in
Table 12.2.
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structing a first-order (memoryless) Markov rate matrix (Figure 12.4). From calcu-
lations of these transition probabilities, we see that the folded and partially folded
states serve as kinetic traps i.e., once entering that state, FUMP[10] is most likely to
stay there (91.91% for folded and 74.40% for partially folded). We also see that when
in an extended conformation, FUMP[10] is most likely (55.99%) to transition into
the partially folded state. However, the transition probability from partially folded
to folded is small (7.43%), meaning that while the folded state is preferred there is a
large barrier to folding. Starting from any initial state, these transition probabilities
converge within 40 steps (200 ns) to steady state populations that are within 0.1%
of the equilibrium probability distribution of the trajectory. That is, based on the
Markov model built from our simulations, in the ensemble of all possible simulations,
we expect to see populations similar to those we observed after 200 ns on average.
Based on the transition probabilities shown here, the expected transition times are
13ns for extended to partially folded, 75 ns for partially folded to folded, and 78 ns for
extended to folded. On the other hand, the unfolding times for the fully and partially
folded states are 101 ns and 49 ns respectively.

Using these population and transition statistics, we calculated the free energy
profiles for the most likely folding and unfolding pathway indicated by the Markov
rate matrix folded< − >partially folded and unfolded< − >partially folded (Figure
12.5). While already seen from transition probabilities, these calculations show from
an energetics perspective that while folded and partially folded are roughly equally
likely there is a large energy barrier to transitioning between the two states. We also
see that moving from partially folded to extended is not favorable but moving from
extended to partially folded is favorable.

Folded macrostates

To understand the behavioral differences in the three structural macrostates of FUMP[10],
we examined the correlated motion of atoms in each macrostate separately (Figure
12.6). From this analysis, we observe little correlation other than within residues
for atoms in the unfolded macrostate (Figure 12.6A). Some medium range, strong
anti-correlation appears between some atoms in the partially folded state (Figure
12.6B). Long-range moderate correlation and medium range strong anti-correlation
appear between many atoms in the folded state (Figure 12.6C). The difference in the
folded and partially folded states is seen more clearly in Figure 12.6D where we have
displayed the quantitative difference between the two correlation matrices.

Via analysis of the hydrogen bonds occurring in each macrostate with both VMD61

and DSSR67,68? (the latter of which categorizes the types of hydrogen bond intera-
tions), we determined that the most common interactions among residues involved
an oxygen atom from one nucleotides phosphate group accepting a bond from an-
other nucleotide (Figure 12.3). The statistics for the phosphate interactions in each
macrostate are summarized in Table 12.1.

A major commonality of the conformations in the folded macrostate is their ap-
parent structure. That is, the polymer appears structured in each of the constituent
frames. To quantify this seeming orderliness, we calculated native contacts between
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Table 12.1: Phosphate interactions occur when an oxygen atom from one nucleotides
phosphate group accepts a hydrogen bond from another nucleotide. Based on these
averages, the shape of FUMP[10]s folded macrostates owes its structure to phosphate
interactions. Two-sample t-test without assuming equal variance reveals that each
mean number of phosphate interactions is significantly different from the other two
with p-values less than 10−16.

Folded Partially Folded Extended
mean phosphate interactions (count) 4.9686 3.3829 2.5991
standard deviation 1.1777 1.5604 1.3847
standard error 3.108×10−2 4.275×10−2 6.647×10−2

Table 12.2: Using the microstate with the largest number of phosphate interactions
(Figure 12.3) as a reference structure and ignoring native contacts found between any
residues i and j where j < i+3, we calculate the percent of native contacts occurring
in the folded macrostate. Residues listed here are labeled in Figure 12.3. Only native
contacts occurring in more than 50% of the folded frames are shown here.

Residue i Residue j Native contact ij (%)
2 9 88.97
3 8 89.88
3 9 52.90
4 8 57.43

residues. The native contacts that occur in more than 50% of the folded conforma-
tions are listed in Table 12.2. The unfolded and partially folded macrostates have no
such contacts occurring in more than 50% of their frames.

Furthermore, in the folded macrostate, there are 3 specific phosphate interactions
that occur in more than 50% of the frames included in the folded macrostate. Using
the base numbering in Figure 12.3, these frequent phosphate interactions occur be-
tween (in the form donor and acceptor) bases 5 and 6, 8 and 4, and 9 and 3, found
using VMD’s hydrogen bond tool. The prevalence of these particular phosphate in-
teractions implicate these residues in particular in FUMP[10]’s relative structural
stability. We have included a table of all such phosphate interactions in the folded
macrostate along with specific atoms involved and frequency of occurrence in supple-
mentary Table S2.

12.3.1 Comparison to polyU and polydT

Whereas FUMP[10] has stable structures existing for microseconds at a time, the
longest lived structures for polydT (Figure 12.7A) have lifetimes on the order of 80ns
(supplementary Figure S3). PolyUs structures have even shorter lifetimes, which the
most stable (Figure 12.7B) lasting on the order of 10ns (supplementary Figure S4).
The correlation matrix for polyU (supplementary Figure S5) closely resembles that
of FUMP[10]s extended state, indicating little to no correlation in atomic motions.
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Table 12.3: The lack of phosphate interactions in the polydT simulation is surprising
given the stability of polydTs conformations relative to those of polyU. A Two-sample
t-test without assuming equal variance reveals that each mean number of phosphate
interactions is significantly different from the other two with p-values less than 10−16.

F10 polyU polydT
mean phosphate interactions (count) 3.987 2.954 0.4920
standard deviation 1.655 1.480 0.6612
standard error 2.926×10−2 3.308×10−2 1.478×10−2

Table 12.4: The similarity in FUMP[10] and polyUs propensity to form hydrogen
bonds with water is on the one hand surprising due to its lack of the additional
acceptor compared to FUMP[10] but also sensible as FUMP[10] is a polyU derivative.
A Two-sample t-test without assuming equal variance reveals that each mean number
of hydrogen bonds is significantly different from the other two with p-values less than
10−16

F10 polyU polydT
mean hydrogen bonds with water 226.2 197.2 228.9
standard deviation 25.87 19.46 22.24
standard error 0.2446 0.4350 0.4972

The correlation matrix for polydT (supplementary Figure S6) shows medium range
correlations similar to those in FUMP[10]s partially folded state. Both polyU and
polydT form fewer phosphate interactions than FUMP[10], with polydT forming the
fewest phosphate interactions. The statistics for phosphate interactions in all three
systems are summarized in Table 12.3.

To better understand these differences in stability, we examined the interactions of
each nucleic acid strand with the local ion environment (Figure 12.7C-E). FUMP[10]
has both short-range and medium-range interactions with the magnesium ion solu-
tion, indicating the formation of an ion cloud or atmosphere40,51,44 in addition to the
binding events indicated by the early spike in radial distribution. PolyU shows some
binding interactions with magnesium, as indicated by the spike in the radial distri-
bution function at 1.15 Å (Figure 12.7B). PolydT forms even tighter bonds with the
magnesium, with a slightly larger spike occurring at 0.05 Å (Figure 12.7C).

Given fluorines capacity as a hydrogen bond acceptor, we compared the three
oligonucleotides’ propensity to form hydrogen bonds with water. The statistics for
hydrogen bond formation with water are shown in Table 12.4.

Comparison of correlation matrices for the three systems (Figure 12.6 and supple-
mentary Figures S5 and S6) show similarities between FUMP[10]s extended state and
polyU along with similarities between FUMP[10]s partially folded state and polydT.
By naive induction, these relationships might suggest that polyU prefers an extended
state and polydT a partially folded but mostly unstructured state. Indeed, the lowest
order state of polyU (5% likely) is a mostly extended conformation (Figure 12.7A)
and the lowest order state of polydT (4% likely) is a partially folded, unstructured
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conformation (Figure 12.7B).
All three oligonucleotides enter stable conformations. However, the timescales over

which these states survive are widely varied. FUMP[10]s stable states survive for up to
microseconds at a time, whereas neither polyU nor polydT have structures achieving
even 100ns in lifespan. Judging by the statistics in Table 12.3, F10s long-lived stable
states, e.g., Figure 12.2A, and polyUs short-lived stable states, e.g., Figure 12.7B,
are likely due to weak electrostatic interactions in the form of phosphate interactions.
However, this explanation clearly does not hold for polydT.

One might suggest that polydTs higher level of stability relative to polyU is due to
hydrogen bond interactions with water. Quantitative analysis of the hydrogen bonds
with water in each system confirms that FUMP[10] and polyU both have a higher
capacity for forming such bonds than does polydT. For a similar reason that polyU
might be thought likely to form hydrogen bonds with surrounding water molecules,
FUMP[10]s additional hydrogen bond acceptor in the form of fluorine suggests a
higher capacity for the formation of such bonds. However, an analysis of the MD
simulations indicates this is not the case. FUMP[10] – a derivative of polyU – and
polyU have similar propensities for forming hydrogen bonds with water with polydT
forming the fewest hydrogen bonds with water of the three, Table 12.4.

Therefore, for understanding the stability of polydT, we turned to interactions
with magnesium ions. Judging from the tight magnesium binding emerging in polydT
simulations (Figure 12.7E) we conclude it is short-range metal binding interactions
that stabilize the conformations of the thymine polymer for up to 80ns at at time.
Both FUMP[10] and polyU have fewer of such interactions with polyU having the
fewest. Furthermore, FUMP[10] uniquely shows some medium-range interactions, see
the 5-10 Å range of Figure 12.7C, indicating that the formation of an ion cloud near
FUMP[10] provides additional stability for its conformations.

12.3.2 Comparison to F10

In a previous MD study, we observed F10 to be unstable and exhibit occasional
structure when solvated in 150 mM MgCl2

34. In those calculations, the 5 highest
population RMSD-based QT clusters comprised only 4.5% of simulated frames across
4 trajectories totaling 16µs of data. None of these states existed for more than a few
nanoseconds at a time. Even though F10 exhibited no long-term stable conformation
in the presence of magnesium, 26.7% of MD frames contained at least 1 base-base
interaction34. It should be noted that in this previous study34 all F10 phosphate
groups carried a net -1 charge, informing the choice of protonation state in the current
study.

FUMP[10] forms base-base interactions in 6.2% of frames. However, interactions
among nucleotides involving a phosphate group forms in 98.12% of frames. We see
that the prevalence of phosphate interactions is responsible for the higher level of
structural stability observed for FUMP[10] relative to F10 with the same phosphate-
group protonation states.
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12.3.3 FUMP[10] structure and stability

The nearly equal free energy (and, therefore, probabilities) for the folded and par-
tially folded states of FUMP[10] along with the favorable change in free energy from
extended to partially folded demonstrate that FUMP[10] prefers a compact struc-
ture over an extended structure. Markov analysis confirms this bias toward compact
states, showing that when in an extended conformation, FUMP[10] is most likely
(55.99%) to transition out of the extended state into a partially folded state. This
preference is not surprising given the hydrophobic nature of nucleic basis and the
hydrophilic nature of the backbone, resulting from the net negative charge on each
phosphate group.

Less expected, though, is the large free energy barrier between the partially folded
and folded macrostate. This high barrier likely exists due to the structured nature
of the folded macrostate. There is a clear hairpin shape to all of the microstates
within this macrostate. This secondary structure is stabilized primarily by phosphate
interactions. Alignment of the phosphate groups and nucleic bases into the ordered
structure seen in Figure 12.2 carries a high entropic cost. Once in this state, though,
the stabilizing weak electrostatic interactions make FUMP[10] only 8% likely to leave
the macrostate.

Native contact analysis, Table 12.2, indicates which residue interactions are most
responsible for the folded states stability. Phosphate interactions by hydrogen bonds
across the hairpin hold the hairpin shape together. Beyond this stability, FUMP[10]’s
folded state shows more long-range communication between atoms in the form of cor-
related motions than the other two macrostates. The difference in the folded and
partially folded macrostates correlation matrices show a key distinction in these two
states. The interactions stabilizing the macrostate also lead to long-range communi-
cation between atom pairs. While the partially folded state exhibits some correlated
motion, it is clearly not to the extent seen in the folded state.

12.3.4 Comparison with experimental literature

Experimental work on single-stranded oligonucleotides indicates that nucleic acid
hairpins are in general stable structures73,74,75,76,77,78. Work by Ma, 200673, on 8mer
hairpins containing UUUU and UUCG tretraloops shows the free energy barrier of
moving from a folded to unfolded state to be 2 and 3 kcal/mol, which falls in the
range of an earlier review of experimental work on RNA hairpins in general by Varani,
199575, who reports the free energy of hairpin formation to be between -5.7 and -1.7
kcal/mol. The hairpins discussed in these works owe their stability to multiple in-
tramolecular interactions including Watson-Crick base pairs, base pair stacking and
phosphate interactions73,75.

However, FUMP[10]’s intermolecular interactions appear limited to base-phosophate
interactions. This difference along with FUMP[10]’s composition of only fluorouri-
dine make direct comparison to FUMP[10] somewhat spurious. However, the range
of free energies of (un)folding, does locate FUMP[10]’s stability (1.5 kcal/mol barrier
to unfolding) on the lower end of oligonucleotide hairpin structures.
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12.4 Conclusions

FUMP[10] prefers a compact, structured state in the presence of magnesium. How-
ever, the free energy barrier for transitioning from a partially folded, unstructured
state into the lowest order hairpin-like state is large. Conversely, FUMP[10] prefers
to not be in a mostly extended state, having a favorable free energy of transition from
the extended macrostate to the partially folded macrostate. Phosphate interactions
forming across the hairpin structure are responsible for the stability of this state,
seen in its persistence for up to microseconds at a time. Furthermore, long-range
communication in the form of correlated motion occurs between atoms in the folded,
hairpin macrostate more so than in the partially folded and extended states.

Unlike polyU, which MD calculations predicted to prefer an extended state, and
polydT, predicted to prefer a partially folded state, FUMP[10] prefers a compact,
structured conformation. The stability of short-lived states of polyU is likely due
to the formation of hydrogen bonds with water, while polydT owes its stability to
short-range bond formation with magnesium. FUMP[10]’s stability comes from a
combination of both hydrogen bonds with water and short to medium range inter-
actions with magnesium. Additionally, FUMP[10] shows the highest propensity for
intramolecular phosphate interactions, providing a mechanism for the one to two or-
ders of magnitude longer lifespan of its lowest order state relative to those of polyU
and polydT.
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Figure 12.4: Starting from any initial state (i.e., folded, partially folded or ex-
tended), these transition probabilities converge within 40 steps (200 ns) to steady state
populations of macrostates that is within 0.1% of the populations derived from RMSD
clustering on the MD trajectories. This recovery of kinetics via Markov analysis re-
veals that the transitions folded< − >partially folded and unfolded< − >partially
folded are more likely than direct transitions between folded and unfolded. Based
on the transition probabilities shown here, the expected transition times are 13 ns
for extended to partially folded, 75ns for partially folded to folded, and 78 ns for
extended to folded. On the other hand, the unfolding times for the fully and partially
folded states are 101 ns and 49 ns respectively.
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Figure 12.5: A combination of RMSD clustering, RGYR-based histograms and
visual inspection indicates 3 macrostates: folded, partially folded and extended. Free
energy calculations show that while folded and partially folded are equally likely there
is a large energy barrier to transitioning between the two states. Furthermore, while
moving from partially folded to extended is not favorable, moving from extended to
partially folded is favorable. This apparent asymmetry comes from our simplified
presentation of the pathway as unidimensional.
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Figure 12.6: (A) Little correlated motion occurs between atoms other self-residue
interactions. (B) In the partially folded macrostate, some interactions occur among
neighboring residues. (C) Neighboring residue interactions and interactions across
the hairpin conformation seen in Figure 12.2A appear in the folded macrostate. The
difference in partially folded and folded correlations is shown in (D) revealing that the
greatest differences occur in residue interactions across the hairpin structure. That is,
the greatest differences occur along and near the anti-diagonal elements of the folded
and partially folded correlation matrices.
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Figure 12.7: PolydT forms stable but not structured conformations (A) that have
lifespans on the order of 80 ns. PolyUs long-lived states (B) have lifespans on the
order of 10 ns, compared to F10s macrostates (Figures 12.2 and 12.3), which last for
microseconds at a time. (C) F10 shows both short medium range interactions with
magnesium ions. (D) PolydT has the tightest binding with magnesium. (E) PolyU
shows the lowest propensity to bind closely with magnesium.
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Structure Occupancy (%) Survival (%)
1 37.78 96.36
2 4.00 67.97
3 3.47 82.88
4 3.16 13.86
5 2.56 62.20
6 1.53 75.51
7 1.50 16.67
8 1.25 12.50
9 1.09 22.86
10 1.03 9.09
11 1.00 6.25
12 0.84 0.00
13 0.84 48.15
14 0.81 7.69
15 0.81 7.69
16 0.72 8.70
17 0.66 4.76
18 0.66 61.90
19 0.59 31.58
20 0.56 27.78
21 0.56 77.78
22 0.56 0.00
23 0.50 43.75
24 0.47 0.00
25 0.47 0.00
26 0.47 0.00
27 0.47 53.33
28 0.47 6.67
29 0.44 0.00
30 0.41 76.92
31 0.38 0.00
32 0.38 8.33
33 0.31 0.00
34 0.31 0.00
35 0.28 22.22
36 0.28 0.00
37 0.28 55.56
38 0.28 0.00
39 0.28 0.00
40 0.28 11.11
41 0.28 22.22
42 0.28 11.11
43 0.25 0.00
44 0.25 0.00
45 0.25 0.00
46 0.25 0.00
47 0.25 12.50
48 0.25 0.00
49 0.25 0.00
50 0.25 0.00
51 24.69 59.62

Table 1: These occupancy and survival probabilities correspond to clusters in Supplementary Fig-
ures 1 and 2. Note: Cluster 51 is a catchall for unique states – i.e., 1-member macrostates.

1

Table S1:
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Donor Acceptor Occupancy Donor Acceptor Occupancy
U5-Side-O2'	 	U6-Side-OP1	 70.99% U1-Side-O5'	 	U2-Side-OP1	 0.34%
U8-Side-N3	 	U4-Side-OP2	 55.29% U9-Side-N3	 	U2-Side-OP2	 0.23%
U9-Side-N3	 	U3-Side-OP2	 54.04% U9-Side-N3	 	U4-Side-OP1	 0.23%
U6-Side-O2'	 	U7-Side-OP1	 48.69% U3-Side-O2'	 	U4-Side-OP1	 0.23%
U7-Side-N3	 	U5-Side-OP2	 43.12% U2-Side-N3	 	U10-Side-OP2	 0.11%
U9-Side-N3	 	U4-Side-OP2	 39.25% U1-Side-N3	 	U4-Side-OP2	 0.11%
U10-Side-N3	 	U3-Side-OP2	 38.45% U6-Side-N3	 	U4-Side-OP1	 0.11%
U10-Side-N3	 	U2-Side-OP2	 37.54% U8-Side-N3	 	U4-Side-OP1	 0.11%
U8-Side-N3	 	U5-Side-OP2	 37.32% U4-Side-N3	 	U8-Side-OP1	 0.11%
U1-Side-O2'	 	U2-Side-OP1	 13.42% U4-Side-N3	 	U8-Side-OP2	 0.11%
U6-Side-N3	 	U5-Side-OP2	 13.20% U10-Side-O3'		U3-Side-OP2	 0.11%
U7-Side-O2'	 	U8-Side-OP1	 11.26% U7-Side-O2'	 	U9-Side-OP2	 0.11%
U9-Side-O2'	 	U10-Side-OP1	 10.58% U6-Side-N3	 	U8-Side-OP1	 0.11%
U7-Side-O2'	 	U8-Side-OP2	 9.67% U6-Side-O2'	 	U8-Side-OP2	 0.11%
U6-Side-O2'	 	U7-Side-OP2	 8.42% U10-Side-N3		U2-Side-OP1	 0.11%
U1-Side-O5'	 	U3-Side-OP2	 6.26% U1-Side-N3	 	U10-Side-OP1	 0.11%
U1-Side-O5'	 	U2-Side-OP2	 5.80%
U5-Side-O2'	 	U6-Side-OP2	 4.44%
U4-Side-N3	 	U9-Side-OP2	 4.21%
U5-Side-N3	 	U8-Side-OP1	 4.21%
U3-Side-N3	 	U10-Side-OP2	 4.10%
U1-Side-O2'	 	U2-Side-OP2	 3.98%
U10-Side-O3'	 	U9-Side-OP2	 3.30%
U9-Side-O2'	 	U10-Side-OP2	 2.96%
U1-Side-O5'	 	U3-Side-OP1	 2.39%
U10-Side-O2'	 	U9-Side-OP2	 2.39%
U4-Side-O2'	 	U5-Side-OP2	 2.16%
U3-Side-O2'	 	U4-Side-OP2	 2.05%
U10-Side-O3'	 	U9-Side-OP1	 1.37%
U8-Side-O2'	 	U9-Side-OP2	 1.37%
U2-Side-O2'	 	U3-Side-OP2	 1.25%
U2-Side-O2'	 	U3-Side-OP1	 1.14%
U10-Side-O2'	 	U9-Side-OP1	 0.91%
U2-Side-N3	 	U10-Side-OP1	 0.80%
U1-Side-N3	 	U3-Side-OP1	 0.57%
U5-Side-O2'	 	U7-Side-OP2	 0.57%
U3-Side-N3	 	U2-Side-OP2	 0.34%
U1-Side-N3	 	U3-Side-OP2	 0.34%
U8-Side-N3	 	U5-Side-OP1	 0.34%
Table S2: For phosphate interactions in the folded macrostate, shown here are the hydrogen 
bond	donors,	acceptors	and	occupancy.
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Chapter 13

F10 Future Work: A Highly
Specific Delivery System

Abstract

Experimental work has shown that F10 has greater anti-tumor activities and lower
levels of system-wide toxicity than the widely used chemotherapeutic 5-FU both in
vitro and in vivo. The in silico work presented in this dissertation has explored the
atomic-level behavior of this rationally designed oligomer of 5-fluoro-2-deoxyuridine-
5-O-monophosphate. While F10’s chemical and structural properties give it a relative
preference for cancer cells over normal cells, the fact that F10 is cytotoxic requires
that we make its in vivo delivery as specific as possible. Additionally, as proposed
both in this dissertation and elsewhere, the proposed F10-zinc complex is even more
toxic than the nucleic acid alone, further indicating the need for a specific delivery
system. To that end, in this chapter, I discuss an initial exploration of a attaching F10
to human serum albumin, which is rarely found inside human cells except in times of
stress such as carcinogenesis and cancer growth. This preliminary work suggests that
F10 exhibits an attraction to Albumin without the need for a linker. I predict the
changes in behavior of the F10-Albumin complex when moving from an extracellular
to intracellular environment (and the reverse). Finally, I predict F10’s behavior in
the presence of Albumin relative competitive drug-like compounds. These predictions
provide a baseline for direct experimental validation of my predictions. Future work
on this project lies in experimental validation of these results and further exploration
of enhancing the favorability of F10-Albumin interactions.

13.1 Introduction

Human serum Albumin is one of the most abundant proteins in the human body –
concentrated mainly in the circulatory system1. Given its abundance, much work has
been done with respect to characterizing drug-binding sites for this protein2,3,4,5,6.
This work is of particular interest as cells may uptake albumin in times of stress (e.g.,
carcinogensis) for metabolic purposes. For a discussion of this process in the context
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of targeted drug delivery, see for example Wosikowski et al., 20037.
In the last two decades, experimental techniques have advanced to the point of

allowing atomic-level resolution structural resolution of this protein8,1,9. Of particular
interest has been nine fatty-acid binding sites utilized for in vivo transportation of
fatty acids8. Some drug-like compounds – e.g., the general anesthetics propofol and
halothane – have competitive affinities for these sites1. Also, albumin has been shown
to be an effective carrier for phosphodiester oligonucleotides (see for instance? ). From
this knowledge, Dr. Bill Gmeiner (co-author on all of the F10 manuscripts reproduced
in this dissertation) proposed that attaching F10 to a fatty-acid like linker would cause
it to bind to one of these fatty-acid sites. Here I present an in silico exploration of
this idea, providing predictions for future experimental validation.

13.2 Results and discussion

13.2.1 PEG Linker

Using the most likely conformations of F10 in extracellular and intracellular condi-
tions (Na-heacy and K-heavy respectively) found in the above investigation of F10
in various ion conditions10, I used AutoDock Vina11 to find the most likely docking
poses for F10 to Albumin.

With a fatty-acid like polyethyleneglycol12,13,14,15,16,17,9 chain attached to F10
structures from an intracellular-like solvent condition of 150mM KCl, the most likely
Vina docking poses on Albumin had free energies between -16 and -9 kcal/mol (Figure
13.1). The ensemble of poses is shown in Figure 13.2. When using structures from
an extracellular-like solvent condition of 140mM NaCl, the most likely Vina docking
poses likewise had free energies between -16 and -9 kcal/mol (Figures 13.3 and 13.4).

Without the fatty-acid like PEG linker attached to F10 structures from an intracellular-
like solvent condition of 150mM KCl, the most likely Vina docking poses on Albumin
had free energies between -19 and -12 kcal/mol (Figure 13.5). The ensemble of poses
is shown in Figure 13.6. When using structures from an extracellular-like solvent con-
dition of 140mM NaCl, the most likely Vina docking poses had free energies between
-18 and -12 kcal/mol (Figures 13.7 and 13.8).

From these results, we see that attaching such a linker to F10 shifts the overall
binding energies higher. That is, the linker decreases F10’s affinity for albumin inter-
actions. Note, however, that F10 does not dock in one of the fatty-acid binding sites.
Rather F10 interacts with the surface of albumin.

13.2.2 Stability of docking poses

Proceeding with the docking poses without the PEG linker, I wanted to test the
stability of these complexes on a microsecond timescale. To this end, I simulated the
top pose (lowest energy) in both the solvent condition from which the F10 structure
came and the other (either intra or extracellular) solvent condition. This series of
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Figure 13.1: With a fatty-acid like polyethyleneglycol (PEG) chain attached to F10
structures from an intracellular-like environment, the most likely Vina docking poses
on Albumin had free energies between -16 and -9 kcal/mol.
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Figure 13.2: F10-Albumin docking poses with PEG linker and F10 structures from
an intracellular-like environment are shown here using the above-discussed ensemble
visualization technique18. This visualization was created using VMD19. The Albumin
structures used for docking is RCSB PDB ID 1E7H8. The PEG linker is shown in
VdW representation.

simulations predicts the behavior of the F10-Albumin complex when moving between
intra and extracellular environments.

The first and last frame of the simulation of the F10 structure from a KCl-heavy
solvent condition docked to albumin followed by a simulation of the complex in the
same KCl-heavy condition is shown in Figure 13.9. Here we see mall change in F10
position and little apparent change in Albumin structure. From these results, this
docking pose appears stable on a microsecond timescale.

The first and last frame of the simulation of the F10 structure from a NaCl-heavy
solvent condition docked to albumin followed by a simulation of the complex in the
same NaCl-heavy condition is shown in Figure 13.10. Here we see a relatively larger
change in F10 position. However, there is still little change in Albumin structure.
This docking pose appears less stable than the KCl F10 structure docked to albumin
and then simulated in a KCl-heavy environment.

Together, these two results suggest that the F10-albumin complex is more stable
in an intracellular environment than an extracellular one.

However, if F10 docks with albumin in an extracellular (Na-heavy) environment
and moves into an intracellular (K-heavy) environment, we see that the interaction
destabilizes and F10 begins to move away from albumin (Figure 13.11). This change
in interaction is exactly what we would hope for in a drug delivery scenario.

Primarily for completeness, I also simulated the reverse scenario (Figure 13.12).
Here we see that if F10 docks with albumin in an intracellular environment, upon

369



Figure 13.3: With a fatty-acid like polyethyleneglycol (PEG) chain attached to F10
structures from an extracellular-like environment, the most likely Vina docking poses
on Albumin had free energies between -16 and -9 kcal/mol.
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Figure 13.4: F10-Albumin docking poses with PEG linker and F10 structures from
an extracellular-like environment are shown here using the above-discussed ensemble
visualization technique18. This visualization was created using VMD19. The Albumin
structures used for docking is RCSB PDB ID 1E7H8. The PEG linker is shown in
VdW representation.

leaving the interactions changes little. While this prediction may be useful in lab-
oratory preparation of the complex, there is no apparent, immediate drug-delivery
relevance of this result.

From this set of 1 microsecond (each) simulations, we see that the complex F10 and
albumin form in a potassium-rich environment is highly stable even when moved to
a sodium-rich environment. However, we see that the complex formed in a sodium-
rich environment is less stable and may destabilize completely when moved into a
potassium-rich environment. This latter result is most promising in terms of drug-
delivery, as we would hope that F10 and albumin would dissociate once inside a
cell.

13.2.3 Competitive small drug-like fragments

Via docking with the program AutoDock Vina, we have determined that F10 binds
well (as low as -19kcal/mol) to Albumin without an additional linker. In order to
test F10’s affinity for Albumin, we searched for a drug-like compound in the ZINC
library20,21 that will compete with F10, binding in the site where Vina predicted F10
to dock. However, we expect that many of these compounds would also bing well in
one of Albumin’s acid sites. Therefore, we are searched for a drug-like compound that
binds well to the F10 site but poorly to the acid site. We did not have an advanced
prediction of what ”well” and ”poorly” will be quantitatively, as we expect that we
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Figure 13.5: Without a fatty-acid like polyethyleneglycol (PEG) chain attached to
F10 structures from an intracellular-like environment, the most likely Vina docking
poses on Albumin had free energies between -19 and -12 kcal/mol.
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Figure 13.6: F10-Albumin docking poses without a PEG linker and F10 structures
from an intracellular-like environment are shown here using the above-discussed en-
semble visualization technique18. This visualization was created using VMD19. The
Albumin structures used for docking is RCSB PDB ID 1E7H8.

373



Figure 13.7: Without a fatty-acid like polyethyleneglycol (PEG) chain attached to
F10 structures from an extracellular-like environment, the most likely Vina docking
poses on Albumin had free energies between -19 and -12 kcal/mol.
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Figure 13.8: F10-Albumin docking poses without a PEG linker and F10 structures
from an extracellular-like environment are shown here using the above-discussed en-
semble visualization technique18. This visualization was created using VMD19. The
Albumin structures used for docking is RCSB PDB ID 1E7H8.
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Figure 13.9: Here we see the first (translucent) and last (solid) frame of the sim-
ulation of the F10 structure from a KCl-heavy solvent condition docked to albumin
followed by a simulation of the complex in the same KCl-heavy condition. This vi-
sualization was created using VMD19. The Albumin structures used for docking is
RCSB PDB ID 1E7H8.
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Figure 13.10: Here we see the first (translucent) and last (solid) frame of the sim-
ulation of the F10 structure from a NaCl-heavy solvent condition docked to albumin
followed by a simulation of the complex in the same NaCl-heavy condition. This
visualization was created using VMD19. The Albumin structures used for docking is
RCSB PDB ID 1E7H8.

Figure 13.11: Here we see the first (translucent) and last (solid) frame of the sim-
ulation of the F10 structure from a NaCl-heavy solvent condition docked to albumin
followed by a simulation of the complex in a KCl-heavy condition. This visualization
was created using VMD19. The Albumin structures used for docking is RCSB PDB
ID 1E7H8.
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Figure 13.12: Here we see the first (translucent) and last (solid) frame of the
simulation of the F10 structure from a KCl-heavy solvent condition docked to albumin
followed by a simulation of the complex in a NaCl-heavy condition. This visualization
was created using VMD19. The Albumin structures used for docking is RCSB PDB
ID 1E7H8.

are overestimating F10’s affinity to albumin due to rigid docking of F10. That is,
vibrational energy is not accounted for in the F10 docking but is in the screening
with the drug-like compounds from the ZINC library.

A histogram of free energies for drug-like compounds in the F10-docking site on
albumin is given in Figure 13.13. A histogram of free energies for drug-like compounds
in one of the acid sites on albumin is given in Figure 13.14.

We found only three drug-like compounds that had a high affinity for the F10 site
with a relatively lower affinity for the acid sites. Admittedly, the disparities were not
as great as we hoped. These three drugs and their Kd values are shown in Table 13.1.

While the differences in affinity are not as stark as we might like, these are the
drug-like compounds we would suggest for a a follow-up experimental study attempt-
ing to validate our computational results.

13.3 Methods

All initial F10 structures were taken from the above-described study on F10’s ion-
dependent behavior10. Docking trials were formed in AutoDock Vina using standard
parameters22.

All-atom microsecond-timescale molecular dynamics simulations were performed
under the canonical ensemble (NVT) using ACEMD23 on Metrocubo GPU worksta-
tions. The simulations were run with Langevin thermostat at a temperature of 300K,

378



Figure 13.13: A histogram of all results for the F10 site is given here.

Figure 13.14: A histogram of all results for the Acid sites is given here.
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Table 13.1: Shown here are the three drug-like compounds that had a high affinity
for the F10 site with a relatively lower affinity for the acid sites.

compound
(ZINC #)

F10 site K d (M) Avid site K d (M)

oxo-thioxo-BLAHcarbonitrile
(4293379)

6.31225... 10ˆ-6 4.77558...10ˆ-5

2-amino-6-methyl-5-phenyl-
-4-(3-pyridyl)pyridine-3-carbonitrile
(20330842)

4.50516... 10ˆ-6 4.77558...10ˆ-5

1-(4-methoxyphenyl)-2-[(2R)-2-methoxy-
-2-phenyl-ethyl]guanidine
(72272431)

6.31225... 10ˆ-6 5.65279...10ˆ-5

4fs timestep (using hydrogen mass repartitioning), 9-angstrom cutoff for switching
VdW and electrostatic forces (with a switch distance of 7.5 angstroms). Long range
electrostatics were calculated using a smooth particle mesh Ewald method.24,25 Prior
to production runs, 1,000 steps of conjugate gradient minimization was performed.

The CHARMM27 forcefield was used, supplemented with CMAP parameters26,27

for albumin and F10 parameters28,29, which have been previously validated29,30 and
implemented for Molecular Dynamics simulations29. F10 was solvated in a 50-angstrom
cubic water box and the concentration of each counter ion was set to 150mM of the
given salt using VMD’s19 “Add Solvation Box” and “Add Ions” tools with salt con-
centrations set using the “Neutralize and set” option.

Obviously, the results for the ions investigated here are only as valid as the input
forcefield parameters. In recent years, there has been much discussion of the limita-
tions of and work on improving MD forcefields – especially with respect to metal ions
– of which we cite a few examples.27,26,31,32,33,9

Processing of the AutoDock Vina Docking Screening of the ZINC library small
drug-like fragments was carried out in iPython Jupyter notebooks using the Pandas
library.

13.4 Conclusions

Attaching a PEG linker decreases F10’s affinity for albumin interactions. Interest-
ingly, F10 does not dock in one of the fatty-acid binding sites. Rather F10 interacts
with the surface of albumin.

In silico, the complex F10 and albumin form in a potassium-rich environment is
highly stable even when moved to a sodium-rich environment. However, we see that
the complex formed in a sodium-rich environment is less stable and may destabilize
completely when moved into a potassium-rich environment. This latter result is most
promising in terms of drug-delivery, as we would hope that F10 and albumin would
dissociate once inside a cell.

Screening small drug-like fragments from the ZINC library indicates that there are
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few drugs with a low (favorable) free energy of binding for the F10 site on albumin and
a high (unfavorable) free energy of binding for the acid sites on albumin. Those drugs
that do exhibit such preference do so with a small difference in the Kd values. Despite
this challenge, the three drug-like fragments proposed here are the most promising
candidates for a follow-up experimental study to validate our predictions about F10’s
interactions with albumin.
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Chapter 14

Concluding remarks

14.1 Visualization and machine learning

In my work on visualization and machine learning, I have addressed key issues in
the field of computational biophysics. The guiding principle in all of these chapters
has been removing bias and conveying uncertainty. To that end, I have contributed
numerous methods for interpreting biopolymer ensemble data without the need for
prior knowledge or setting of biasing parameters. Additionally, in all of these works, I
have provided a careful discussion of the limits of these methods and how researchers
might visually convey the uncertainty inherent in them. Furthermore, I have provided
guidance on how to display what are effectively error bars on biopolymer structures.
Finally, I have worked to remove bias even in estimating the amount of sampling
needed for any time-dependent multi-dimensional process. It is my sincere hope that
these contributions move the field forward in its ability to remove bias and convey
uncertainty in statistically rigorous ways.

I have proposed a novel statistically rigorous way to visualize ensembles of biopoly-
mer structures in chapter 3. In chapter 4, I introduced two recently developed cluster-
ing algorithms to the field, showing they successfully determine structural macrostates
within large data sets without the need for a user to set any arbitrary parameters or
have any prior knowledge of the system. I have worked to provide intuition into the
often opaquely complex equal-time (Pearson) correlated motion matrices by adapting
one of these clustering algorithms to correlated motion data and developing a novel
visualization method for the results, defining a new way to think of dynamic domains
on biopolymer structures (see chapter 5.

In chapter 6 I applied decision tree learning to simulations of MutSα’s recognition
of DNA damage, determining that with knowledge of only three hydrogen bond pairs
on the protein complex, the type of damage can be predicted with 95% accuracy.
Finally, in chapter 7, I demonstrated that by fitting exponential models to decay
of time-lagged correlated motions compared to equal time correlations the expected
necessary sampling time can be predicted. That is, given a pilot simulations, I can
determine 1) the number of kinetic processes that the system begins to undergo and
2) the amount of sampling needed to capture the dynamics of those processes – even if
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the processes are not fully expressed in the original simulation. This method is gener-
alizable to any multi-dimensional time series data, enabling researchers from virtually
any field to determine when they have achieved sufficient sampling of observations
for any time-dependent process.

14.2 F10

Experimental work has shown that F10 has greater anti-tumor activities and lower
levels of system-wide toxicity than the widely used chemotherapeutic 5-FU both in
vitro and in vivo. The in silico work presented in this dissertation has explored the
atomic-level behavior of this rationally designed oligomer of 5-fluoro-2-deoxyuridine-
5-O-monophosphate. Adding to previous computational and experimental studies
discussed throughout this dissertation, I have contributed to the field’s understanding
of F10’s reactions to various environments.

In chapter 11, I predicted that F10’s phosphate groups have a relatively high affin-
ity for calcium and zinc ions, being most attracted to calcium of the five ions investi-
gated here. Given the prevalence of sodium ions in in vivo extracellular environments
and that of potassium in intracellular environments, our respective simulations rich
in these ions provide insight into F10’s behavior with regards to cellular transport.
Our simulations predict that F10 would be more compact and flexible in an extracel-
lular environment. Additionally, they predict that F10 would form more base-base
interactions in an intracellular environment.

In chapter 12, I predict FUMP[10] – a chemical perturbation of F10 == prefers
a compact, structured state in the presence of magnesium. However, the free en-
ergy barrier for transitioning from a partially folded, unstructured state into the
lowest order hairpin-like state is large. Conversely, FUMP[10] prefers to not be in a
mostly extended state, having a favorable free energy of transition from the extended
macrostate to the partially folded macrostate. Phosphate interactions forming across
the hairpin structure are responsible for the stability of this state, seen in its persis-
tence for up to microseconds at a time. Furthermore, long-range communication in
the form of correlated motion occurs between atoms in the folded, hairpin macrostate
more so than in the partially folded and extended states. By comparison to similar
oligonucleotides, I show that FUMP[10]’s stability comes from a combination of both
hydrogen bonds with water and short to medium range interactions with magnesium.
Additionally, FUMP[10] shows the highest propensity for intramolecular phosphate
interactions, providing a mechanism for the one to two orders of magnitude longer
lifespan of its lowest order state relative to those of polyU and polydT.

While F10’s chemical and structural properties give it a relative preference for
cancer cells over normal cells, the fact that F10 is cytotoxic requires that we make
its in vivo delivery as specific as possible. Additionally, as proposed both in this
dissertation (see chapter 10) and elsewhere, an F10-zinc complex is even more toxic
than the nucleic acid alone, further indicating the need for a specific delivery system.

To that end, chapter 13, I discussed an initial exploration of a attaching F10 to
human serum albumin, which is rarely found inside human cells except in times of
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stress such as carcinogenesis and cancer growth. This preliminary work suggests that
F10 exhibits an attraction to Albumin without the need for a linker. I predict the
changes in behavior of the F10-Albumin complex when moving from an extracellular
to intracellular environment (and the reverse). Finally, I predict F10’s behavior in
the presence of Albumin relative competitive drug-like compounds. These predictions
provide a baseline for direct experimental validation of my predictions. Future work
on this project lies in experimental validation of these results and further exploration
of enhancing the favorability of F10-Albumin interactions.
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Additional Contributions

The following chapters are published manuscripts for which I am not the primary
author. My contributions to each chapter are outlined on the first page of the relevant
chapter.
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Chapter 15

Binding Site Configurations Probe
Structure and Dynamics of the
Zinc-finger NEMO

Contributions

In this study, I was one of two primary developers of the hydrogen bonding analysis
methods.

This chapter contains stylistic variations (e.g., number of columns and citation
style) from the published manuscript:

Godwin, Ryan C, Ryan L Melvin, William H Gmeiner, and Freddie R. Salsbury.
2017. Binding Site Configurations Probe the Structure and Dynamics of the Zinc Fin-
ger of NEMO (NF-B Essential Modulator). Biochemistry 56 (4). American Chemical
Society: 62333. doi:10.1021/acs.biochem.6b00755.

Abstract

Zinc finger proteins are regulators of critical signaling pathways for various cellular
functions, including apoptosis and oncogenesis. Here, we investigate how binding site
protonation states and zinc coordination influence protein structure, dynamics and
ultimately function, as these pivotal regulatory proteins are increasingly important
for protein engineering and therapeutic discovery. To better understand the ther-
modynamics and dynamics the zinc finger of NEMO (NF-κB Essential Modulator),
as well as the role of zinc, we present results of 20µs of molecular dynamics tra-
jectories, 5µs for each of 4 active site configurations. Consistent with experimental
evidence, the zinc ion is essential for mechanical stabilization of the functional, folded
conformation. Hydrogen bond motifs are unique for deprotonated configurations yet
overlap in protonated cases. Correlated motions and principal component analysis
corroborate the similarity of the protonated configurations and highlight unique rela-
tionships of the zinc-bound configuration. We hypothesize a potential mechanism for
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zinc binding from results of the thiol configurations. The deprotonated, zinc-bound
configuration alone predominantly maintains its tertiary structure throughout all 5
microseconds and alludes rare conformations potentially important for (im)proper
zinc-finger related protein-protein or protein-DNA interactions.

15.1 Introduction

The ubiquitous nature of the anti-apoptotic nuclear factor NF-κB signaling pathway
instigated a great deal of research in recent decades1. The conserved nature of DNA
damage response pathways, signals for NF-κB that originate from nuclear response
to genotoxic stress, for example, makes these signals of particular interest2. NF-
κB is activated via two different signaling pathways, canonical and non-canonical,
that ultimately result in the release of cytoplasmic, previously inactive dimers for
nuclear translocation and subsequent gene expression regulation. Furthermore, DNA
damage response to various signals, including double strand breaks, requires nuclear
translocation of the protein kinase ataxia telangiectasia mutated (ATM) and the Nu-
clear Factor-κB Essential Modulator (NEMO) upstream of NF-κB activation3. The
ATM-NEMO signaling pathway of NF-κB has been implicated in maintaining NF-κB
activation in various human malignancies making it an attractive therapeutic target.
To facilitate a better understanding of these signaling interactions, we investigate the
zinc-finger (ZF) domain of NEMO which is connected to various aspects of the NF-
κB pathway including SUMOylation3, ubiquitin-binding4, and potentially substrates
like inhibitor of IκBα5.

Broadly speaking, zinc-fingers are essential eukaryotic molecular machines that
regulate a variety of critical physiological processes. In addition to their aforemen-
tioned history, zinc-fingers are well known as DNA transcription regulators6 and as
such have been targeted for research of novel gene therapeutics and protein engi-
neering7,8,9,10. Additionally, these structurally and functionally diverse proteins are
involved in many other regulatory processes including immune responses, apopto-
sis, and oncogenesis. A review of the capabilities of this broad protein family was
published in 2016. Since then, additional functional roles have been identified and
have continued to be popular targets for drug discovery, drug delivery, and protein
engineering. To that end, we investigate how the protonation state of the chelating
cysteines and the presence of zinc influence the dynamics and conformations of a
common binding site motif, where 3 cysteines and 1 histidine coordinate a zinc ion.

The ZF discussed herein is a 28-residue domain of NEMO – a 48 kDa protein, also
known as the IKKγ subunit11. Through phosphorylation, NEMO dissociates from
the complex and enables activation of NF-κB – an anti-apoptotic protein12. NF-κB
counters drug cytotoxicity allowing cancer cells to survive and inhibiting the NF-κB
pathway is expected to improve treatment outcomes. However, complete inhibition
of a critical regulatory pathway such as NF-κB likely would have undesirable side
effects. A more focused pathway to target is one involving the zinc-finger of NEMO,
a domain that has been shown to signal in response to DNA damage specifically13.
Additionally, it has been shown that NEMO must enter the nucleus, release ATM,
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Zinc No Zinc
Thiolate
Cysteines

CYN-ZN CYN

Thiol
Cysteines

CYS-ZN CYS

Table 15.1: The four active site configurations and the abbreviations used to identify
them throughout manuscript. The protonated zinc bound case is in boldface as it
is a known functional configuration.4 The green backgrounds represent biologically
stable configurations and the red text denotes non-physiological configurations.

and re-enter the cytoplasm to activate IKK14. The zinc-finger NEMO can potentially
be isolated for more targeted chemotherapeutic treatment.

The zinc-binding domain of NEMO is a 3.2kDa motif at the C-terminus of the
larger NEMO complex. The ββα-motif is common in zinc-fingers involved in tran-
scription regulation and, as such, is a secondary structure motif that is sought after
in protein engineering15. As a transcription factor, the alpha helix of the zinc-finger
sits into the major groove of DNA and recognizes particular base pair sequences. The
ZF domain of NEMO is a ubiquitin binding domain and critical to signaling path-
ways involving apoptosis, oncogenesis, and immune/inflammatory responses4. While
it is not directly a binding partner with NF-κB, the zinc-finger may also regulate
NEMO’s ability to promote scaffolding for signal induction of NF-κB16. This work
provides a foundation for understanding the effects of zinc and protonation on the
structure and dynamics of the ZF for additional studies on disease-related mutants
and zinc-finger-ubiquitin binding.

To effectively develop therapeutics associated with this target, we seek to better
understand how the zinc-ion and cysteine protonation state coordinates structure and
dynamics17,18. Here we investigate the effect of perturbing protonation of binding
site cysteines in the presence and absence of zinc, in silico. Four configurations are
considered: i) the zinc ion bound/ii) unbound in the binding site; iii) as well as
protonated/iv) deprotonated cysteines that coordinate the zinc ion. We performed
5 independent 1µs molecular dynamics (MD) simulations for each of these binding
site configurations to probe the different conformations and dynamics available to
these binding site configurations – 20 simulations in total. The burgeoning field of
MD has recently impacted a variety of fields, including drug discovery19,20, homology
modeling21, and the protein-folding problem22, to highlight a few success stories.

Zinc-fingers are stabilized by the presence of a bound zinc ion6,23. The regulatory
processes involving zinc-fingers are thought to be dependent on the bound zinc offer-
ing conformational stability required for DNA, RNA, or ubiquitin recognition. Of the
configurations studied here, the two most biologically significant cases are the func-
tional deprotonated/zinc bound protein (CYN-ZN) and the protonated/no-zinc con-
figuration (CYS.) They have been highlighted in green in Table 1. The deprotonated
cysteines are labeled CYN, short for CYsteine Negative (CHARMM nomenclature),
and the protonated cases are CYS. An additional ZN tag is used to describe the sim-
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Figure 15.1: Primary and secondary structures of NEMO ZF. The zinc ion is coor-
dinated in a CCHC binding site (highlighted by bonds colored by atom type), within
a -motif (cartoon representation, colored by secondary structure). The surrounding
shadow indicates the van der Waals surface of the protein.

ulations with a zinc ion present. In the zinc-bound protonated case (CYS-ZN), the
zinc usually stays bound to the histidine residue, but due to the protonation state of
the cysteines, cannot bind to them properly. The two cases of CYS-ZN and CYN are
likely to be transient, short-lived intermediates and were simulated to parse out the
effects of zinc-(un)binding and (de)protonation separately. The binding site of the
zinc is comprised of residues 6(CYS), 9(CYS), 22(HIS), and 26(CYS). The binding
site residues and the secondary structure ββα-motif is shown in Figure 15.1 along
with the primary structure. This structural motif is critical for proper function, and
heavily dependent on the state of the zinc ion and cysteine protonation.
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15.2 Methods

15.2.1 Simulation Methods

Leveraging recent advances in computational capabilities offered by GPU paralleliza-
tion, we performed microsecond simulations on a solvated, ionized protein system of
∼ 11, 500 atoms at an average rate of 220( ns

day
). Access to these longer timescales is

important to probe events and conformations that occur only on longer timescales and
are otherwise inaccessible to shorter simulations20. Probing these longer timescales
provides insight into additional conformational and dynamical information that might
be important for biologically significant events, including recognition and binding of
DNA and proteins, for example.

The starting structure was obtained via NMR and can be found in the RCSB with
the PDB ID: 2JVX24. Simulations were run with ACEMD25 on Kepler GPU devices
(GeForce 780) with explicit TIP3P waters26. The system was first neutralized and
then solvated to 0.15mol/L NaCl. The CHARMM 27 force field27,28 was employed
for each trajectory with a patch for the two cases involving deprotonating the 3 zinc-
bound cysteines29,30. The zinc ion was modeled as a monatomic, spherical particle
coordinated via non-bonded interactions with no additional constraints. The CYN
patch coordinating a monatomic zinc ion successfully was demonstrated in previous
studies20,30. Langevin damping31 was used with a target temperature of 300K and
damping coefficient of 0.1, and a Berendsen pressure piston32 maintained approxi-
mately 1.01325 bar with a relaxation time of 400 fs in an NTP (constant number of
particles, temperature, and pressure) ensemble. All bonds to hydrogen atoms were
constrained with SHAKE33 and particle mesh Ewald approximated long-range elec-
trostatic calculations with a cutoff of 9Å and a switching distance of 7.5Å34. Hydrogen
mass repartitioning affords an increased calculation interval 4fs affording additional
speed-up on top of that offered by parallelization25,35. Each simulation was minimized
using conjugate gradient minimization for 5000 time steps. Subsequent equilibration
took 20ns, typically, as measured by the RMSD of each trajectory over time and this
was removed from each trajectory for analysis.

15.2.2 Analysis Methods

All analysis was performed after aligning each trajectory to eliminate translations
and rotations resulting from diffusion during the simulation. Trajectories were ma-
nipulated (concatenated, removed water/ions, and reduced in size) using Catdcd36

(command line tool distributed as part of VMD), and a wrapper around it, Catdcd
Interface37. Simulations, once combined, were realigned to ensure consistency. All
images were created in VMD36 and rendered with Tachyon38. Data presented is in
30 ps intervals between trajectory data points, unless otherwise specified.

Hydrogen bonds were analyzed as a binary count based on the geometrical coor-
dination between potential hydrogen bonding pairs using MD Analysis39. Namely, if
the donor and acceptor pair are within 4.2Å of one another and bond angle is greater
than 120◦, the hydrogen bond is considered present. This is approximately a hydro-
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gen bond of intermediate strength40. Motifs of hydrogen bonds were constructed by
compiling a matrix where each row is a frame and each column is a unique hydrogen
bond, with Boolean results - 0 if the hydrogen bond is absent, and 1 if it is present.

All clustering analysis was performed with a quality threshold clustering algo-
rithm41 based on the RMSD of each frame. Alpha carbon clustering results of all tra-
jectories combined (Figure 15.5a) were determined with a RMSD cutoff 3.7Å cutoff.
Each of the four configurations contain 40,665 frames, and only every 10th frame was
considered here to reduce calculation time, for 16,267 total analyzed frames (1200 ps
interval.)

Conversely, when clustering trajectories separately, a finer resolution of 300 ps in-
tervals was used when clustering conformations, so in both cases we cluster on 16,267
frames. Due to the conformational variability of separate configurations, we clustered
results of each separate configuration (CYN, CYN-ZN, CYS, CYS-ZN) with a different
RMSD cutoff, 5.0Å 2.2Å 5.0Å and 5.0Å respectively. Cutoff values were determined
by scanning cluster space over numerous cutoffs with low-resolution to optimize the
fewest number of unclustered results based on populations using 100 clusters. Sub-
sequent Markov analysis42,43,44,45(Figure 15.5b,15.5c,15.5d,15.5e) employed in-house
scripts that turn the clustering data into a Markov chain for analysis46. Images of
structures from the most populated cluster of each configuration (Figure 15.6) were
produced using a visual statistics package, where the shadows represent 1 standard
deviation of RMSD for that cluster with the median structure colored by secondary
structure47.

Correlated motions are the normalized covariance matrix, also known as the
Pearson coefficients, and quantify how pairs of atoms move, together (perfect cor-
relation=1) or opposite (perfect anti-correlation=-1), throughout a trajectory48,49,50.
Subsequently, we performed Principal Component Analysis (PCA) by diagonalizing
the correlation matrix and find the corresponding eigenvalues and eigenvectors, ef-
fectively ranking the component’s contribution to the entire dynamical ensemble and
reducing the number of important dimensions to consider. Dynamics that dominate
correlated motion are represented by those eigenvectors allowing us to reduce the
number of dimensions for analysis while maintaining the largest contributions to the
dynamics. Additionally, using the eigenvectors, we project out and histogram how
the biomolecule traverses the 2-dimensional cross-section, of the first two principal
components, for example. Then, to compare systems directly we project the non-
functional cases onto the wild type and determine how that trajectory traverses the
same two dimensions. Using the relative populations resulting from the particular
histogram, we construct a free energy surface to show how the particular landscapes
change for each perturbation along the principal component reaction coordinate, as
is commonly done50,51,52.

15.3 Results

Previous investigations of ββα-motif zinc-coordination sites17,53,54,55 and molecular
modeling of zinc fingers56,57 focus mainly on the transcription regulating CY S2HIS2

397



binding configuration, with good reason58,59. Studies of CY S3HIS1 zinc fingers60

commonly involve tristetraprolein (TTP)61,62, which degrades AU-rich mRNA tran-
scripts, and is thought to be regulated by the NF-κB pathway62,63,64, yet does not
maintain a ββα-motif. The results of 20µs worth of MD simulations presented here
probe the structure and dynamics of this ββα-motif CY S3HIS1 zinc finger of NEMO.
By examining these four cases of protonation states and bound zinc, we found that
the zinc ion is indeed a stabilizing component consistent with other investigations of
zinc fingers6,17,23,53,65. While tetrahedral coordination is present at times in the prop-
erly protonated simulations 2 deprotonated Cysteines and the Histidine provide an
alternative triagonal coordination of the zinc66. This allows either CYS9 or CYS26,
to be more conformationally flexible than the other coordinating residues, with a
preference towards CYS26 as we’ll see in later analysis.

15.3.1 Zn binding Imparts Structural Rigidity to the depro-
tonated state

Analysis of the time-averaged atomic-fluctuations for each of the four protein-zinc
complexes considered reveals that Zn binding imparts structural rigidity to the C-
terminal regulatory domain of NEMO. Root-mean-square fluctuations (RMSF) for
the alpha carbons of each configuration for the Zn binding site are shown in Figure
15.2. The trajectory for each configuration was analyzed independently and per
residue RMSF values are presented together with standard errors in Figure 15.2.
While the terminal regions consisting of the 4 or 5 residues nearest to the C- and
N-termini are relatively more disordered in all cases, the mobility of the interior
core of the protein, which includes the Zn-binding motif, strongly depends on both
the deprotonation of CYS and the presence of Zn. The zinc-bound, deprotonated
case (CYN-ZN) is significantly more rigid, on average over this region than all of
the alternative configurations considered, demonstrating the mechanical importance
of zinc binding. Intriguingly, deprotonation alone, even without Zn binding, while
imparting less rigidity than occurs for the Zn-bound deprotonated state, is more rigid
than the protonated state either with or without Zn. Differences in rigidity between
the protonated and deprotonated states are particularly pronounced for residues 10-
13, those residues just after the second zinc-binding cysteine (9) and including the
second beta-sheet (12-13).

In contrast to the stabilizing effects of Zn in CYN-ZN relative to CYN, the RMSF
values for CYS and CYS-ZN are nearly identical, illustrating the critical nature of
CYS deprotonation for Zn-induced stabilization. CYN tracks closely with both pro-
tonated configurations along the alpha helix, but deviates in the beta-sheets. Namely,
the 6th residue, normally a zinc-coordinating residue on the first beta-sheet is lower by
more than 1Å and the tail fluctuates less than the CYS cases, although the standard
error for these 6 residues is large compared to the CYS configurations. The variation
across simulations shown by the large error bars of CYN, particularly in the first
12 residues, suggesting that the CYN case may exhibit the highest conformational
variability, which we analyze via clustering analysis below.
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Figure 15.2: The root mean square fluctuations for the 28 alpha carbons on the
zinc- finger NEMO. Colors depict alternative configurations of the Zn binding site.
The error bars represent the standard error over the 5 simulations. Yellow dotted
lines correspond to zinc-binding cysteines and the dotted blue line corresponds to the
zinc-binding histidine.

In the protonated configurations, the standard error overlaps in all but 6 of the
28 residues (6, 10, 11, 16, 17, 21) suggesting comparable magnitude of per residue
fluctuations of the CYS and CYS-ZN configurations across all trajectories. Residue
6 is the nominally zinc-binding cysteine. Residues 10 and 11 are two polar residues,
Glutamine and Tyrosine, respectively, and are all spatially near the bound zinc.
The 16th and 17th residues are a non-polar Methionine and an acidic Aspartate,
respectively. Lastly, the 21st residue is an Isoleucine proximal to the zinc-binding
Histidine. Throughout the simulations of CYS-ZN the zinc is never coordinated by the
cysteines, but is often coordinated by solely the histidine. Upon dissociation from the
histidine, the zinc traverses the protein exterior before occasionally dissociating from
the complex entirely. This behavior can be seen in the shadows of figure 15.6d. The
similarity of the protonated configurations clearly results from the lack of coordination
of zinc in the normal binding pocket, leaving a CYS configuration.

15.3.2 Hydrogen Bond Motifs are Unique in the Presence of
Zinc

Hydrogen bond analysis indicates whether the stability of the overall protein struc-
ture is dominated by the zinc coordination or if secondary structure, once folded,
is maintained by hydrogen bonds of the motif. Figure 15.3 highlights the hydrogen
bond distribution across the four binding site configurations and details of the dis-
tributions are available in Table 15.2. The CYN-ZN normal distribution is centered
about largest mean of 12.06 hydrogen bonds present, on average throughout the tra-
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Configuration Unique Bonds Mean Std. Dev.
CYN 1305 11.57 3.04
CYN-ZN 657 12.06 2.48
CYS 1403 10.55 2.75
CYS-ZN 1350 10.57 2.62

Table 15.2: Number of unique hydrogen bonds, the mean number of them and
standard deviation of the data per configuration.

Figure 15.3: Hydrogen Bond Distributions – The normal distributions of hydrogen
bond counts of the 4 binding site configurations with a 3.2Å cutoff distance and
120◦ cutoff angle for Polar atoms (N,O,S,F). The hydrogen bond analysis for each
configuration is done for each of the more than 160, 000 frames from the equilibrated
trajectories. The mean is largest and standard deviation smallest on the biologically
functional, CYN-ZN case.

jectory. The CYN-ZN case has the narrowest distribution with a standard deviation
of σ = 2.48, and the CYN is the largest with σ = 3.04. The two protonated cases
are again very comparable, with a mean difference of only δµ = 0.02 and a difference
in deviation of σ = 0.13. The mechanism that stabilizes the CYN-ZN over the other
configurations is partially the stability offered by the hydrogen bonds, but statisti-
cally these distributions are very similar. Figure 15.4 shows all hydrogen bonds that
occurred more than 20% of the 5 microseconds for each configuration. The hydrogen
bonds are projected onto the representative conformation of the dominant cluster of
each configuration. The hydrogen bonds in red (cylinders) occur most often, and
those in blue the least (≈20%). Analysis of a neural network clustering analysis is
available in the Supplementary material.

15.3.3 Clustering Across Configurations Highlights CYN-ZN
Stability

Clustering analysis of all 1µs trajectories for all four structures concatenated together
in Figure 15.5a provides insight into structural diversity across the 4 configurations.
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Figure 15.4: Hydrogen bonds of the four zinc-finger binding site configurations
represented by cylinders in a) CYN, b) CYNZN, c) CYS, and d) CYSZN. The color
of the cylinders vary by occupancy, where blue represents bonds that were present in
19% of the simulation, white represents bonds that were present in 52% of the time,
and red represents bonds present 86% of the time, with gradient coloring in between
as shown in the centrally located color bar. The conformations are representative
structures from clustering analysis (Figure 15.6).
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This comparison is useful to identify conformational overlap as well as differences
among the conformations. As we will see, this clustering analysis compared with
principal component analysis provides detailed mechanistic insights from which to
generate novel hypotheses.

Direct comparison of the binding site configurations was done with alpha carbons
to highlight variations of the backbone motions. From left to right, the configura-
tions are ordered CYN-CYNZN-CYS-CYSZN and are separated by dashed red lines
in figure 15.5a. Clearly, the biologically functional, zinc-bound case dominates the
highest occupied state, and has the fewest number of single member clusters (lumped
together as cluster 101.) Additionally, CYN-ZN shows occupancy in only 5 clusters
outside of the ground state and the unclustered structures, indicating its conforma-
tional stability. Conversely, the CYS cases sample most of the available cluster states,
with the CYS sampling 75 states and the CYS-ZN sampling 77 states (aside from the
unclustered states.) Only 5 of those states across the two simulations are not sampled
in both cases indicating the conformational similarity when the system is protonated,
regardless of the presence of zinc. CYN is less conformationally diverse than the CYS
cases, as it samples 62 unique RMSD-based clusters. The 32nd cluster is unique to
only the CYN-ZN case.

Dominant structures of each trajectory clustered on its own is shown in figure
15.6. The shadows represent structures within 1 standard deviation RMSD from the
cluster center, showing the variability even within the same cluster. The shadows
simultaneously highlight the conformational diversity of the CYN, CYS, and CYS-
ZN and the confomational similarity of the CYN-ZN configuration. Additionally, we
see that in the CYN-ZN configuration (figure 15.6b) residue CYS26 does not always
stay coordinated with the zinc-ion, switching from a tetrahedral to a triagonal zinc-
binding motif (not shown.) The most populated cluster for each case had 30.7%
, 60.2%, 20.2%, and 22.9% of the total population for CYN, CYN-ZN, CYS, and
CYS-ZN respectively.

The CYN-ZN conformation space in Figure 15.5a is poorly sampled because of
the immensity of conformational space spanned by the other three configurations
compared to CYN-ZN at 300K. Clustering of just that configuration with tighter
constraints allows us to zoom into the conformations associated with biological func-
tion and by isolating a single configuration we can examine the sequence conforma-
tional states as a Markov chain, an ordered list of the cluster progression throughout
the trajectory. The Markov analysis performed here assumes that the likelihood of
transitioning to the next state is dependent only on the current state, and not any
previous or future state. The corresponding rate matrix shows how likely transitions
are from one particular cluster representation to another. In this regard, we can
gather information about the conformational pathways to get from conformation A
to conformation B, for example. In Figure 15.5(b-e) we present the CYN-ZN alpha
carbon clustering, with a 2.2Å cutoff for 100 clusters with conformations from every
300 picoseconds of the data.

In figure 15.5c, the distributions indicate that 60% of the conformations belong
to the first cluster, or lowest order ensemble of conformations. Eighty percent of the
conformations are captured in the first five clusters and 90% in the first 12 clusters.
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The 89th cluster contains all the singletons that did not fit into any other cluster.
The time series cluster data shows how the five trajectories, separated by the dashed
red lines, sample the conformation space in time (Figure 15.5b), which is effectively
a Markov chain. The fifth trajectory shows a distinct, stable conformation that is
absent in the other trajectories, and occupies the second cluster, 9.7% of the total
state sampling, c. f. Figure 15.15. Consequently, figure 15.5d, the rate matrix heat
map, which shows how likely a state is to transition from state A to B, for example,
indicates this second cluster as a kinetic trap.

Additionally, states 1, 14, 15, 27, 40, 41, and 47 appear as kinetic traps, states
which are most likely to transition back to the same state, as indicated by the darker
red colors along the diagonal. Figure 15.5e shows the transition pathways based
entirely on the rate matrix transitions for each state. Convergence occurs at about
120 time steps, or 36ns. It is important to note that since the higher order clusters
are less frequently sampled, we did not include specific discussion of these clusters
and their transition rates. However, such transition rates need to be included to
determine that propagation of the transition matrix converges.

15.3.4 Correlated Motions Isolate Dynamical Differences of
Configurations

We evaluated the motions of the 422 atoms that overlap in the four configurations
to identify atoms that move together, and atoms that move opposite one another,
throughout the simulations, the results of which are shown in Figure 15.7. The
covariance matrix is determined by taking the dot product of the instantaneous atom
positions minus the mean for each atom pair, then summing over all the frames, and
normalizing in time. The subsequent correlation is determined from the covariance by
normalizing in space, such that the self-correlation is 1, as shown along the diagonal
of each correlation plot.

Again, we see unique characteristics between CYN-ZN and the other structures,
and the two CYS cases are almost identical. All four cases maintain the helical
structure from atoms 250-350. The two CYS structures maintain strong correlation
with its own beta-sheet atoms, and strong anti-correlation with the other beta-sheet.
The CYN case is also anti-correlated between the two β-strands, in addition to the N-
terminus and the second β-strand. This large-scale anti-correlation is not present in
the functional zinc-bound case, which has much more localized regions of long-range
anti-correlation and a more distinctly correlated alpha helix region.

The CYS and CYS-ZN cases are strongly correlated with one another with r =
0.98 over the ensemble average for each structure. This strong correlation signature
of CYS/CYS-ZN is clear in spite of the lack of beta-sheet secondary structure, as
seen in Figure 15.4, and is hypothesized here as a mechanical action to facilitate zinc
coordination and binding. Also, the CYN case is comparable to the two protonated
cases with both greater than 0.9 as shown in Table 3. Each of the functional zinc-
bound cases have correlation less than r = 0.65 compared to the non-functional
cases, clearly indicating a change in the dynamics of the zinc-finger associated with
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Figure 15.5: RMSD-based Clustering – Quality Threshold clustering based on root
mean square deviations of alpha carbons, a) Clustering time series for all 4 configu-
rations combined with a 3.7Å cutoff for 100 clusters. Green lines separate individual
trajectories, while red lines separate active-site configurations (CYN-CYNZN-CYS-
CYSZN) b) Clustering time series of only the CYN-ZN configuration with a 2.2Å
cutoff filling 89 clusters (all singletons are lumped in the 90th cluster). c) The equi-
librium distribution of the CYN-ZN cluster data, showing 80% of the conformations
represented by the first 5 clusters. d) Markov rate matrix from the Markov chain of
the cluster time series (b). The rate matrix shows 8 kinetic traps (red boxes along the
diagonal) including the stable conformation that appears only in the 5th trajectory.
e) The transition pathways of the Markov model converge to the ground state.
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Figure 15.6: Structures from Configuration Specific Clustering – Quality threshold
RMSD clustering of the 4 binding site configurations clearly shows the structural sta-
bility offered by the coordinated zinc ion. Shadows represent 1 standard deviation of
the cluster with the median structure in color. Biologically important configurations
are highlighted with the green background. a) The thiolate configuration without
zinc (CYN) is dominated by an open conformation at least partially caused by the
electrostatic repulsion of the thiolate groups with an RMSD cutoff of 5.0Å . b) Thi-
olate cysteines with properly coordinated zinc (CYN-ZN) are very stable with small
fluctuations from the mean structure, RMSD cutoff 2.2Å . c) The Thiol cysteines
in the absence of zinc (CYS) rotated to show more of the structure and d) in the
presence of zinc (CYS-ZN) show loss of beta sheets and formation of a pi-helix (red)
near the C-terminus, with an RMSD cutoff 5.0Å for each.

405



Correlated
Correlations

R-Value

CYN-CYNZN 0.651
CYN-CYS 0.925
CYN-CYSZN 0.919
CYNZN-CYS 0.535
CYNZN-CYSZN 0.553
CYS-CYSZN 0.982

Table 15.3: The linear correlation comparison between the four binding site config-
uration correlation matrices.

the functional state. Additional analysis comparing the correlated motions across
binding site configurations is available in the supplementary material.

15.3.5 Principal Component Analysis Elucidates Unique En-
ergetic Wells in Zinc-Bound, Cysteine-Deprotonated
Configuration

PCA is useful to highlight dominant dynamic motions and reduce the number of
degrees of freedom in an otherwise highly dimensional (3N) system. Figure 15.8 shows
the all-atom principal component analysis for the first two components projected onto
the wild type, zinc-bound case. In the CYN-ZN case we see 4 distinct wells. However,
in the projections available in the supplemental material (figures 15.4(a-c)), we see a
much larger, single well. This signature is a clear indication that these non-functional
cases have unfolding behavior, and the dynamical correlation is Gaussian along these
first two components. PC1, PC2, and PC3 constitute 30.0%, 11.5%, and 10.0% of the
dynamics in the 1266-dimensional space respectively. So using just three dimensions,
we can describe over 50% of the variance of the system.

The basin that appears around (-100,0) the PC1 plots of the CYN-ZN case appears
only in the fifth simulation of that run. Recalling the clustering analysis of Figure
15.5 we see that the first excited state is a cluster that only appears in this simulation
as well. The representative structure for the clustering analysis of the first excited
state compared to that of the isolated well of the principal component analysis is
shown in Figure 15.8.

15.4 Discussion

The stability offered by the bound zinc is clearly represented here and we will see that
the other analysis techniques offer support that the zinc-bound case is the most stable
and regularly structured of the 4 configurations. The hydrogen bond network of sec-
ondary structure elements of the deprotonated, zinc-bound case (CYN-ZN) indicates
the overall tertiary structure of NEMO maintains in a CY S2HIS2-like fold67. It is the
zinc coordination of the binding site that contributes to stable secondary structure
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Figure 15.7: All Atom Correlated Motions of the 4 active-site configurations. Cor-
relations indicate how atoms more together or opposite in a pair-wise fashion, with 1
being perfect correlation (e.g. self-correlation along the diagonal) and -1 representing
perfect anti-correlation. The thiol binding configurations are 98% correlated with
one another and have a large neighbor correlation in the turn-β-strand-turn region.
Pockets of correlated regions appear near the zinc-binding cysteines in CYN, and
CYN-ZN shows a strong alpha helix signature.
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Figure 15.8: Principal Component Analysis 2D histograms of zinc-bound depro-
tonated trajectories onto the same configurations basis vectors, comparing the first
component, accounting for 33.6% of the variance, with the second, third, fourth and
fifth (11%, 7.7%, 5.3%, and 4.7%). In all four cases PC1 is split into two main wells
with a transient region separating them, and PC2 (a) has an additional minimum
from the main well.
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hydrogen bond motifs and tightly clustered conformations. Our simulations exposed
a rare but stable conformation of CYN-ZN that deviates from the common ββα-motif
that may be of functional significance. This novel conformation is characterized by
an extension of the turn between the α-helix and the β-strand, a rearrangement of
the β-strands relative to the α-helix, and slight displacement of the zinc as shown in
supplemental figure 15.15. Electrostatic coordination of the zinc does not require all
3 cysteines. Cysteines 9 and 26 show hydrogen bond coordination with neighboring
residues consistent with conformations with triagonal zinc coordination.

15.4.1 CYN

The deprotonated, zinc-absent case (CYN) loses parts of the secondary structure
(largely in the beta-sheets) but has a more regular hydrogen bond motif than the
protonated counterpart. CYN maintains alpha-helical hydrogen bonds particularly
in the domain opposite the zinc binding site. These fluctuations are the result of
the electrostatic repulsion of the negatively charged cysteine residues that is not
compensated for by the presence of a zinc ion, as in the CYN-ZN case and show an
isolated hydrogen bond motif landscape that allows it to be well identified; it was
incorrectly classified only 1.9% of the time. Detailed analysis of the hydrogen bonds
indicates that most of the hydrogen bonding occurs within the secondary structure
as expected, where the protonated cysteine configurations have transient hydrogen
bond motifs with mostly α-helical contributions.

15.4.2 CYNZN

The zinc-bound deprotonated configuration (CYN-ZN), with small RMS fluctuations
and more localized correlation signatures, has conformational consistency necessary
for binding selectivity. Formation of hydrogen bonds helps maintain structural sta-
bility throughout the microsecond simulations, as seen in Figure 4. These tighter
conformations are important for binding selectivity and overall function of NEMO
regarding ubiquitin binding.

Results of the clustering analysis and principal component analysis indicate that
there is something unique about the fifth simulation of the WT, zinc-bound configu-
ration (see figure 5 of the supplemental material.) The sampled configuration appears
to be stable once achieved but does not readily adopt that conformation. Additional
investigation of this feature, and the corresponding structure and dynamics is under-
way.

15.4.3 CYS and CYSZN

The protonated zinc-less case (CYS) has large RMS fluctuations (about 9 Å ) of
residues 10-13 that are prohibitive in the formation of β-sheet hydrogen bonds neigh-
boring the potential zinc-binding cysteine in the 9th residue. These large fluctuations
are strongly anti-correlated with the N-terminal region and strongly correlated with
nearby neighbors. Interestingly, the switch between these relatively large correlated
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and anti-correlated regions of the CYS cases is along the two zinc-binding cysteines,
residues 6 and 9. This strong correlation signature of CYS/CYS-ZN is clear in spite
of the lack of beta-sheet secondary structure and is hypothesized here as a mechanical
action to facilitate zinc coordination and binding. Additionally, these configurations
both form π-helices in their dominant conformations (red regions in Figure 6) between
the zinc binding Histidine (22) and the last zinc-binding Cysteine (26). This π-helix
serves to further expose the binding site to facilitate zinc-coordination. The broad
sampling of phase space and general conformational instability suggests an intrin-
sic disorder of these protonated zinc-fingers despite having strongly (anti-)correlated
regions. As such, protein-protein interactions with these configurations occur with
lower specificity than the deprotonated, zinc-bound counterpart, although they may
still be of functional importance68,69,70. The CYSZN configuration is similar to CYS
in all the analysis because of the lack of zinc-coordination; once the ZN leaves the
binding site the two configurations are identical.

We hypothesize that the transition between the two biologically long-lived cases,
CYNZN and CYS, preferentially exchanges via CYSZN. That is, once in the vicinity of
the CYS configuration, zinc induces deprotonation of the cysteines by locally changing
the pKa to provide the electrostatically favorable thiolate configuraitons. Docking the
stable configurations of CYN-ZN to ubiquitin is a logical next step in understanding
the nature of the SUMOylation or polyubiquitination and subsequent nuclear translo-
cation of the IKK/NF-κB signaling pathway and is currently in progress. Combining
those results with the investigation presented here provide a foundation from which
to identify therapeutic targets to disrupt NF-κB activation and promote chemother-
apeutic success.

15.5 Conclusion

Through detailed analysis of the four configurations of zinc coordination and cysteine
protonation, we have been able to identify the dominant contributing factors to the
functional state and hypothesized potential mechanisms to enter into that functional,
zinc-bound deprotonated cysteine (CYNZN) case. The zinc ion mechanically stabi-
lizes the tertiary structure of the ββα-motif and protonated cysteines in the binding
site largely disrupt this stability. The protonated states (CYS and CYSZN) are in-
trinsically disordered while occupying the same conformational and dynamical space,
and their flexibility and correlation indicate a possible mechanism for binding a zinc
ion. The deprotonated case without zinc has strong electrostatic repulsion at the
binding site preventing a tight fold, but hydrogen bonds offer stability to the tertiary
structure, although it is rarely sampled due to the large energetic barriers. CYNZN
encountered stable, but rare conformational events that show promise in identifying
disease related modes of competitive binding currently under further investigation.
Building upon this information to form a more comprehensive model of the mecha-
nisms of NEMOs zinc-finger will aid drug design regarding NF-κB inhibition.
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15.6 Supporting Information

Histograms and their corresponding distribution fit of hydrogen bond counts for each
of the four binding site configurations is available in Supplementary Figures 15.9 and
the corresponding neural network analysis in 15.10. Supplementary Figure 15.11 con-
tains the differences between the four correlation matrices again highlighting the simi-
larity of both protonated cases. The histograms of the 3 configurations projected onto
the principal components of CYNZN are available in Supplementary Figures 15.12,
15.13, and 15.14. Figure 15.15 highlights the rare-conformation discussed throughout
the manuscript.
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Figure 15.9: Histograms of hydrogen bond count distributions of the 4 different con-
figurations throughout each simulation. Fits were performed using the distribution-
fitting tool in Matlab R©.
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Figure 15.10: Hydrogen Bond pattern recognition results combine the training,
testing, and validation of the pattern recognition toolbox in Matlab as shown via
a confusion matrix (a) and ROC curve (b). Pattern recognition readily identifies
the deprotonated cases with greater than 96% success, but has a more difficult time
differentiating the protonated cases because of the overlap of the hydrogen bond
motifs. The trajectory includes 162670 frames of all the configurations concatenated
together.
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Figure 15.11: Subtracted correlations show differences between two correlation
matrices to identify regions of similarity and/or dissimilarity between two binding-
site configurations. The two protonated cases (CYS, CYS-ZN) are the most similar
while the deprotonated, zinc-bound case (CYN-ZN) is the most unique.
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Figure 15.12: PCA Projections CYN showing the projection of the CYN trajectories
onto the principal components of CYN-ZN. The wells are broadened in all 4 cases
compared to that of CYN-ZN itself, showing greater conformational sampling by the
CYN configurations.
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Figure 15.13: PCA Projections CYS showing the projection of CYS onto the prin-
cipal components of CYN-ZN. The wells are broader than that of CYN-ZN. The
distributions are largely uniform consistent with the loss of secondary structure and
stabilized fluctuations.
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Figure 15.14: PCA Projections CYS-ZN showing the projection of CYS-ZN onto
the principal components of CYN-ZN. Once again there is a broadening of the wells
compared with CYN-ZN. The distributions are largely uniform consistent with the
loss of secondary structure and stabilized fluctuations and the PCA results of CYS.
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Figure 15.15: The rare but stable conformation of the CYNZN configuration is
shown above. Appearing in only 1 of 5 simulations, the conformation dominates the
last trajectory. The kinetic trap occupies a unique portion of the PCA plots of the
first few WT components. Characterized by the extended turn and perpendicular
reorientation of the beta-sheets, this conformation shows unique features currently
under further investigation.
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Abstract

Thrombin is a multifunctional enzyme that plays an important role in blood coag-
ulation, cell growth, and metastasis. Depending upon the binding of sodium ions,
thrombin presents significantly different enzymatic activities. In the environment
with sodium ions, thrombin is highly active in cleaving the coagulated substrates
and this is referred to as the “fast” form; in the environment without sodium ions,
thrombin turns catalytically less active and is in the “slow” form. Although many
experimental studies over the last two decades have attempted to reveal the structural
and kinetic differences between these two forms, it remains vague and disputed how
the functional switch between the “fast” and “slow” forms is mediated by Na+ cations.
In this work, we employ microsecond-scale all-atom molecular dynamics simulations
to investigate the differences in the structural ensembles in sodium-bound/unbound
and potassium-bound/unbound thrombin. Our calculations indicate that the regu-
latory regions including the 60s, γ loops, and exosite I and II are primarily affected

429



by both the bound and unbound cations. Conformational free energy surfaces es-
timated from principal component analysis further reveal the existence of multiple
conformational states. The binding of a cation introduces changes in the distribu-
tion of these states. Through comparisons with potassium-binding, the binding of
sodium ions appears to shift the population toward conformational states that might
be catalytically favorable. Herein, our study of the thrombin in the presence of sodi-
um/potassium ions suggests Na+-mediated generalized allostery is the mechanism of
thrombin’s functional switch between the “fast” and “slow” forms.

16.1 Introduction

Thrombin is an attractive drug target for antithrombotic therapy and chemothera-
peutic development due to its critical role in blood coagulation1,2, cell growth and
metastasis3. As the final protease in the blood coagulation cascade, thrombin regu-
lates both coagulant and anticoagulant processes1. In the coagulation cascade, acti-
vated from its zymogen prothrombin, thrombin facilitates the formation of blood clots
by interacting with its procoagulant substrates. For example, thrombin converts sol-
uble fibrinogen into insoluble fibrin and activates factor XIII and protease-activated
receptors (PARs), which serve to generate the fibrin meshwork and platelet plug at the
site of the wound4. Thrombin can also activate factor V and VIII to stimulate its own
conversion from its precursor prothrombin5. In the anticoagulant process, thrombin
acts as an anticoagulant through binding to the endothelial cell receptor thrombo-
modulin (TM) and activating protein C zymogen. The interaction between thrombin
and thrombomodulin not only suppresses thrombin’s cleavation of the fibrinogen and
PARs, but also increases thrombin’s specificity to the anticoagulant protein C. The
product from thrombin’s activation, activated protein C, then proteolytically inacti-
vates the activated factor V and VIII and limits the further generation of thrombin.
The balance between bleeding and thrombosis requires an efficient switch between
the pro- and anticoagulant actions of thrombin.

In addition to the relatively widely known functions in blood coagulation cascade,
many recent studies have shown that thrombin has a critical role in the development
of tumors and introducing invasion and metastasis in a variety of cancers6,7,8,3. For
instance, thrombin facilitates the growth of colon cancer cells by mediating the pro-
teolysis of PAR1 and fibrinogen6. As a result, less favorable interactions between
thrombin and these procoagualant substrates (i.e. PAR-1 and fibrinogen) may lead
to an increased tumor necrosis and decreased tumor vascular density. Therefore, un-
derstanding the molecular properties of thrombin – multifunctional allosteric enzyme
– can aid in developing further treatments against cancers and diseases associated
with abnormal blood coagulation as well.

Along with several associations between thrombosis and abnormal levels of sodium
in the blood9,10,11,12, many studies have suggested that the paradoxically opposing
functions of thrombin are regulated by the univalent cation sodium (Na+)13,14,15,16.
Orthner and Kosow first showed in 1980 that the monovalent cation Na+ optimally
enhances thrombin’s hydrolysis rate of various synthetic and physiological substrates,

430



such as peptidyl p-nitroanilide substrates and fibrinogen13. An accelerating PARs
cleavage by thrombin15,16 and a tighter TM affinity to thrombin14 has also been seen
in the presence of Na+. Although different influences of Na+ on protein C’s hydrolysis
by thrombin were reported17,14, thrombin generally cleaves substrates at a faster rate
when Na+ is present.

To explain different activities of thrombin under sodium-present and sodium-
absent environments, Wells and Di Cera proposed a two-state model in which throm-
bin can be allosterically activated by the binding of Na+ and thrombin has two distinct
conformations - high activity “fast” form ( Na+-bound) and a low activity “slow” form
(Na+-unbound)18. Dang et al. further demonstrated that the significantly populated
“fast” and “slow” forms (∼3:2 ratio) are preferred by coagulant and anticoagulant
activities respectively17. The Na+-binding site was later identified as being about 15Å
away from the catalytic triad of thrombin (Figure 16.1)19,20, partially supporting the
hypothesis that the bound-Na+ is an allosteric effector of thrombin. However, the
structural studies in the past decades illustrate that the “slow” form of thrombin sur-
prisingly has no significant conformational change compared to the “fast” form20,21,22.

Huntington argued that the structure of the thrombin in the “slow” form is barely
achieved due to the experimental limitations such as crystal contact effects and lig-
ands stabilization of the “fast” form22. Nuclear magnetic resonance (NMR) spectra
indicate thrombin is somewhat “plastic” with respect to the dynamics of surface
loops23. Huntington thus hypothesized that, in contrast to the “fast” form, the
“slow” form thrombin needs more time to sample more states including the protease-
like and zymogen-like states24. These experimental results and explanations trigger
our interest in investigating which model – the static two-state model or the dynamic
multi-state model – reveals the mechanisms of thrombin’s functional switch.

Figure 16.1: Thrombin-Na+ complex structure. The thrombin is shown in green.
The 60s (in pink), 220s (in blue), and γ (in gray) loops and exosite I (in orange) and
II (in yellow) are highlighted as the known regulatory regions. The side chains of the
catalytic triad are displayed in red. The bound Na+ is shown as the yellow bead.

Computational modeling is emerging as an insightful and inspiring way to un-
derstand the patterns behind various phenomena? ? 25,26. In particular, molecular
dynamics (MD) simulations have proven useful in providing a structural, dynamical
and kinetic picture of biomolecules at a high temporal and spatial resolution that cur-
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rent experimental techniques may not always achieve27,28,29,30,31. In a MD simulation,
starting from the experimentally determined static structures of the biomolecules,
each atom’s coordinates in the simulated system are updated according to classical
mechanics. The parameters of the empirical force fields involved in the calculations
have been tuned and optimized for many decades32,33. Therefore, MD studies on
thrombin may offer a closer look at thrombin’s structural ensemble and dynamical
behaviors.

The application of MD simulations on thrombin can be traced back as early as
the 1990s. Ayala and Di Cera inferred a potential induce-fit in thrombin-hirudin as-
sociation by showing the isolated thrombin and hirudin have larger root mean square
deviations (RMSD) to their crystal structures than their complex form in their 5ps
MD simulations34. More recently, the MD study by De Amorim et al. in 2010, indi-
cates that non-liganded thrombin - including Na+-unbound thrombin - has a smaller
global solvent-accessible surface area than the liganded thrombin through the statis-
tics in the last 5ns of their MD simulations up to 10ns35. Furthermore, Fuglestad
et al. combined NMR experiments and both 20ns time scaled conventional and accel-
erated MD calculations to reveal the surface loops of the PPACK-inhibited thrombin
exhibit slow time scale dynamics in addition to the fast dynamic motion at the ps-ns
timescale36, suggesting longer time scale MD simulations are required to study the
influence of the ligand and ion binding to thrombin. Our previous microsecond-scaled
simulations have illustrated that thrombin exhibits a general allosteric response to the
binding of thrombin aptamer26. This not only reveals the mechanisms of thrombin’s
molecular recognition to the aptamer binding but also helps understand thrombin’s
response to the potential nucleic acid treatment at the molecular level.

In this work, we performed microsecond-scaled all-atom MD simulations on unli-
ganded thrombin in Na+-present and Na+-free environments, aiming to identify the
differences in thrombin’s structural ensembles in the Na+-present/absent and Na+-
bound/unbound situations and shed light on the mechanisms of the dual functional
switch of thrombin.

16.2 Materials and Methods

16.2.1 Study design and Simulated systems

The switch between the “fast” and “slow” thrombin has been hypothesized to be
allosterically regulated by the binding of Na+ to thrombin, even though all throm-
bin structures solved so far are fairly similar22. To elucidate the mechanism of the
functional switch of thrombin, we proposed to simulate thrombin in the the solvent
environments with the presence and absence of Na+. During our microsecond-scaled
MD simulations, the relaxation in the solution should alleviate the potential exper-
imental drawbacks due to the stabilization of the “fast” form from crystal contacts
and ligation locks. Comparisons between the ensembles of thrombin in Na+-free and
Na+-present environments in the simulations offer a comprehensive – thermodynamic
– examination of the conformational changes due to ion effects, which may clarify the
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structural and dynamical differences in the “fast” and “slow” forms.
In the Na+-present and Na+-free simulations, we chose the initial structures of

thrombin from PDB 4DIH and 4DII37 respectively. The high-resolution structures of
thrombin in these two PDBs were crystallized and solved from buffers with 0.125M
Na+ and K+ respectively. Despite the argument that the fast form thrombin could be
stabilized by the binding ligands38, all available thrombin structures - including unli-
ganded thrombin as wells as the Na+-free ones - are actually very similar. Therefore,
under relatively long time scale (up to microseconds), without a loss of generality,
we started our simulations of unliganded thrombin in Na+-free and Na+-present en-
vironments by removing the aptamer in those PDBs.

Although there is a reported affinity for K+ ions to thrombin and an enhance-
ment of thrombin activity under higher concentration of K+13, it has been shown
that the K+ has an order of magnitude weaker affinity for thrombin (KA = 0.28M)
than Na+ (KA = 0.035M)13 and that K+ and other alkali metal ions will not af-
fect thrombin’s structure as Na+ does39. Accordingly, the “fast” and “slow” forms
may be largely characterized through simulations with sodium chloride and potas-
sium chloride buffers respectively. On the other hand, it has been hypothesized that
the “fast” form is corresponding to thrombin with Na+-binding and the “slow” form
is related to the Na+-unbound thrombin18. Nevertheless, comparisons among the
structural ensembles of the Na+-bound/unbound and K+-bound/unbound thrombin
will help understand the ion effects on thrombin and provide insight into thrombin’s
conformational and functional switch.

16.2.2 MD simulations

Using the GPU-enabled ACEMD simulation package40 and Titan GPUs in Metrocubo
workstations produced by Acellera, we performed five one-microsecond-long all-atom
MD simulations for each system, i.e. a total of 5 microseconds for thrombin in NaCl
buffer and 5 microseconds for thrombin in KCl buffer respectively. As discussed above,
the initial structures of the Na+-environment and K+-environment simulations were
based on the thrombin coordinates in PDB 4DIH and 4DII37 respectively. The initial
coordinates of the missing residues in these two PDBs (19 and 18 out of 295 residues
respectively for PDB 4DIH and 4DII) were modeled via the comparative modeling
tool Modeller41, and other missing hydrogen atoms were added through VMD’s ps-
fgen package42, using default parameters. All histidine residues were assigned delta
protonation, meaning a proton (H+) was added onto delta nitrogen.

For both systems, an explicit TIP3P43 water box with a 10Å padding in x, y, and z
directions was added around thrombin. Then sodium chloride and potassium chloride
were respectively added to neutralize the systems and the Na+ and K+ concentration
was set to a typical experimental value of 0.125M, resulting in a total number of 22
Na+ and 21 K+ in each system. The ions were randomly placed around thrombin
and a minimum distance of 5Å was set as a requirement to avoid a too close initial
placement to the water molecules and other ions. All simulations were performed
with the CHARMM22/CMAP force field44? under NPT ensemble (constant particle
number, temperature and pressure). The pressure was maintained at 1 atm using
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Berendsen pressure control45 with a 400fs relaxation time. The temperature was
held at 300K using Langevin thermostat46 with a damping coefficient of 0.1. For
van der Waals and electrostatic forces, we applied a 9Å cutoff and 7.5Å switching
distance. The particle mesh Ewald implementation47,40 with 72 evenly spaced grid
points in all three directions was used when calculating the long-range electrostatics.
As a hydrogen mass repartitioning scheme48 was used, the time step was set to 4fs
during the simulations. Bonds involving hydrogen atoms were constrained using the
SHAKE algorithm49. Conformations sampled in the simulations were saved in the
MD trajectory file in every 2500 steps for the balance of temporal resolution and
cost in storage. Therefore, we have a extensive sampling of 100,000 conformations
across one-microsecond time scale for each run (500,000 conformations in total for
each buffer condition).

16.2.3 Processing and Analysis

Prior to analysis, we aligned all frames in MD trajectories to the first frame of the
simulations in the potassium environment via rigid body rotations and translations
to minimize the root-mean-square distance (RMSD) of thrombin alpha carbon posi-
tions. The alignment was carried out with the ‘align’ class in MDAnalysis? 50,51,52,
a Python library for manipulating MD data. As the equilibrium can reach within
∼20nanoseconds (less than 2% of simulation time) for all simulation runs according
to thrombin’s root-mean-squared distances to the corresponding initial structure in
each type of ion environments, acquiring statistical information based on the whole
microsecond-scaled MD trajectories, including the equilibrium and production runs,
will not introduce considerable errors. For the convenience of data processing, we
performed a variety of structural analyses on the whole trajectory for each system (5
microseconds – comprised of 500,000 frames– in total for each system). The residue
indexes of the light and heavy chains of thrombin were also renumbered from 1 to
295 for the convenience of recalling them in the following context. As the result, the
catalytic triad of His43, Asp99, and Ser205 (i.e. His57, Asp102, and Ser195 in the
chymotrypsin numbering scheme) have residue indexes (denoted as ‘resid’) 79, 135,
and 241 in our sequential residue numbering scheme.

Ion-binding detection

To quantify ion binding to thrombin, we computed the radial distribution function
g(r) defined by

g(r) = lim
dr→0

∑
t nt(r)

4πr2dr (Npair/V )
, (16.1)

where r is the distance between a pair of atoms, nt(r) is the number of atom pairs
found at the distance between r and r + dr in frame t, V is the volume of the water
box, and Npairs is the number of pairs of atoms in the selections. The calculation was
performed via the ‘compute rdf’ function in the Python library MDTraj53, selecting
the relevant Na+ or K+ or Cl− ions and the residues located in the known sodium
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binding site (i.e. 220s loop, resid 267 to 274). The averaged RDF and corresponding
standard of errors across each simulation run were respectively plotted as solid lines
and shadows via a Matlab function called shadedErrorBar (available at http://www.
mathworks.com/matlabcentral/fileexchange/26311-raacampbell-shadederrorbar).

The ion-bound and ion-unbound states were defined based on the average distance
d, which more properly captures the specific binding activities than the minimum
distance, between the residues in the 220s loop and the closest metal cations (i.e.
Na+ or K+ ions) in the solution. A frame of ion-binding or ion-on state was identified
if the value of d in that frame was not greater than a threshold, which was respectively
chosen as 9.3Å and 9.7Å for Na+ or K+ according to the location of the minimum
peak that separates the regions corresponding to ion-binding and ion-unbinding in
the histogram of d.

Identification of responses to ion-binding

As a first line to highlight the regions showing different response upon ion-binding/unbinding,
the atomic fluctuations of thrombin were evaluated based upon the alpha carbon
atoms. We computed their root-mean-square fluctuations (RMSF) across all confor-
mations in the related states based on

RMSFα =

√
1

N

∑N

t=1

(−→
rαt −

〈−→
rαt

〉)2
, (16.2)

where
−→
rαt is the position of the position vector of atom α in frame t and <

−→
rαt >

denotes the average position vector of atom α over all frames.
To identify the similarities and differences in structural ensembles, we concate-

nated all trajectories (ten MD trajectories in total) together and clustered the con-
formations we sampled in both Na+ or K+ environments. To save the computation
cost, here we actually clustered the conformations in every tenth frames (i.e. 100,000
out of 1,000,000 frames in total were sampled for clustering).

According to the potentially affected regions suggested by the RMSF comparison,
the clustering analysis was performed on the regulatory regions of thrombin, which
explicitly includes the exosite I (resid 57 98 104 106 109 142 143) and II (resid 125
134 281 284 288), 60s (resid 182 to 190), 220s (resid 267 to 274), and γ (resid 82 to
91) loops. All heavy atoms (i.e. not hydrogen) were used in the clustering analysis
to take into account of the side chain fluctuations. The clustering algorithm we uti-
lized here was the Hierarchical Density-Based Spatial Clustering of Applications with
Noise (HDBSCAN)54, which has been adapted and employed as a non-parametric
approach to group high dimensional MD data by our research group55,56. This clus-
tering algorithm has been shown the effectiveness of identifying global conformational
changes55 and thereby was employed here as well to evaluate ion-binding’s influence
on the structural ensembles.

The solvent accessible surface areas (SASA) of the residues forming catalytic triad
and sub-pockets (S1∼6) and the whole protein molecule were evaluated to investi-
gate the molecular response to Na+/K+-binding. The solvent accessible surface areas
(SASA) of the residues forming catalytic sub-pockets were computed via the Shrake
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and Rupley algorithm57 – as implemented by the ’shrake rupley’ function in MD-
Traj53 – to estimate the surface areas through counting the number of the sphere
points representing the surface of each atom. The residues defining the catalytic
sub-pockets were listed in detail in Table S1. To save computing time, the SASAs
were measured in every tenth frames as what we sampled in the clustering analysis.
Welch’s t-tests58 (not assuming equal variance) were carried out to test for statis-
tically significant differences in the distributions of SASA. The Welch’s t-tests were
performed via the ’ttest2’ function in Matlab with the variance flag set to ’unequal.’
The significance level was set as 1% in the Welch’s t-tests.

To illustrate thrombin’s conformational space in terms of free energy surfaces, we
employed principal component analysis (PCA) to project the high dimensional struc-
tural information into a reduced conformational space. By diagonalizing the covari-
ance of the heavy atoms in the regulatory regions defined in the clustering analysis,
we obtained a few components capturing the majority of dynamic variance of the
regulatory regions of thrombin in both Na+ and K+ environments. By projecting the
coordinates of heavy atoms in the regulatory regions in the aligned trajectories onto
the eigenvectors with two largest eigenvalues, the different structures are expected to
have distinguished projections in the reduced conformational space. Through binning
the projections and converting the frequency P of each bin into free energy G via

∆G = −kT ln

(
P

P0

)
, (16.3)

where kT is the product of Boltzmann’s constant k and temperature T and the
minimum frequency P0 among all bins was subtracted in order to obtain the relative
free energy change ∆G, we constructed the conformational free energy surfaces of the
regulatory regions. Furthermore, using the same approach, we also constructed the
conformational free energy surfaces of the residues involved in the catalytic pocket,
including catalytic sub-pockets S1 to S6 (Table S1) and catalytic triad (resid 79 135
241). The PCA decomposition was carried out via the ‘pca’ module in PyEmma59

Python package.
The visualization of the structural ensembles in the conformational free energy

wells was performed via the molecular graphics program VMD 1.9.242. With a con-
sideration of the variance of the representative structure56, we visualized the struc-
tural ensembles by showing the representative structure in solid and the other con-
formations in the same structural ensemble as shadows. In particular, we picked the
closest structure to the average conformations within the most populated bin in the
selected well as the representative structure. For the representative structures, we
also displayed the side chains of the residues of interest. For the shadows, which were
randomly selected 50 structures in the same bin to indicate the variance, we only
presented the backbone using the new cartoon representation for simplicity of the
image.
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16.3 Results

16.3.1 Ion association and dissociation can be observed for
Na+ and K+ rather than Cl- in the simulations

We first monitored the potential ion association and dissociation throughout MD
trajectories, as the presence of Na+ is the key apparent factor that regulates the
activity of thrombin. The calculations on the ion radial distribution around the 220s
loop – also known as the sodium binding loop or sodium loop – show that only sodium
and potassium cations present significant peaks corresponding to ion binding (Figure
16.2). This indicates that both sodium and potassium cations are able to recognize
and remain around the 220s loop, whereas the negatively charged chlorine ion is barely
located near the 220s loop. The higher peaks for the Na+ suggest Na+ is more likely
to stay near the 220s loop residues than K+, implying a stronger affinity of Na+ than
K+. This is consistent with the relationships between association and dissociation
constants of Na+ and K+, which are well-determined through various experimental
approaches13,18.

Figure 16.2: Radial distribution of function of ions around the 220s loop. The solid
lines in blue, red and green represent the averaged radial distributions of Na+, K+,
and Cl+ across all related runs. The shadows represent the corresponding standard
errors.

As quantitatively assessed by Table 16.1, the sodium loop of thrombin has a
bound Na+ over 61.30% simulation time, which is a multiple of 1.4 more frequent
than K+-binding. Note that ratio of the Na+-bound and Na+-unbound thrombin
under the physiological condition is presumably 3:2 according to the experimental
determination of equilibrium constant Kd

17. Such close fractions of Na+-bound and
Na+-bound thrombin suggest the validity of our simulations to reflect thrombin’s in
vivo behaviors and properties.
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Table 16.1: Statistics of frames with ion-binding/unbinding.

Bound Unbound
(frames / percentage) (frames / percentage)

Na+ 306,521 / 61.30 % 193,479 / 38.70 %
K+ 128,791 / 25.76 % 371,209 / 74.24 %

16.3.2 Na+-binding stabilizes the regulatory regions on throm-
bin

To highlight the regions with significant conformational changes due to ion effects,
atomic fluctuation was evaluated by calculating the root-mean-square fluctuations
(RMSF) on the alpha-carbons. As shown in the RMSF plots of the Na+-bound/unbound
and K+-bound/unbound thrombin (Figure 16.3), the global ion environment and the
local ion binding status have primary influences on specific functional sites.

Loops on the surface of thrombin generally exhibit greater fluctuations in the
potassium environment than in the sodium one. In particular, no matter if the K+

ions are bound or unbound, the γ loop (resid 182 to 190) displays a significantly larger
fluctuation than it does in Na+ simulations. Similarly, residues 147 to 149 that are
adjacent to the exosite I residues on the same surface loop also present about 0.8Å
more fluctuations in K+ simulations.

On the other hand, both of the Na+ and K+ bindings to the 220s loop (sodium
binding site) seem to result in stabilizing effects on the 60s (resid 83 to 89), 180s
(resid 226 to 235), and 220s loop. Furthermore, the Na+ binding causes a considerable
stabilization on the 70s loop (resid 103 to 111) that contains the exosite I residues
and the alpha helix (resid 15 to 21) in the light chain. The alpha helix and turn
region (resid 160 to 169 ) spatially proximate to the exosite II show particularly a
higher mobility upon Na+-unbinding, while the 60s loop (resid 83 to 89) are much
more flexible upon K+-unbinding.

Since mainly the regulatory loops such as the 60s and γ loops, as well as the
regions that are spatially adjacent to the exosite I and II, present different atomic
fluctuations upon different ion conditions, clustering analysis was performed on these
regions to identify structural ensembles corresponding to Na+-bound/unbound and
K+-bound/unbound states. Using a non-parametric clustering tool we have recently
developed based on HDSCAN algorithm54,55,56, the conformations of the thrombin
in Na+-bound/unbound and K+-bound/unbound states are classified into different
groups due to their structural similarity.

From the cluster label of the structure of thrombin at each snapshot (Figure 16.4),
it is clearly seen that thrombin has much more diverse structures in the environment
lacking sodium ions. Quantitatively, the Na+-bound and Na+-unbound thrombin
respectively present 3 and 4 non-singleton conformational clusters of the regulatory
regions, whereas 77 and 102 clusters could be observed by K+-bound and K+-unbound
thrombin. This indicates the ion binding to the 220s loop can stabilize the regulatory
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Figure 16.3: Root-mean-square fluctuation of alpha carbons. In each ion-
binding/unbinding status, regions with significant differences in Cα atom RMSFs
are primarily located in the surface loops and known regulatory sites.

regions including the 60s and γ loops and exosite I and II. As a global effect, the Na+

environment exhibit significant stabilization effect on these regulatory regions.
Furthermore, our clustering result suggests, instead of the two-state model pro-

posed by Wells and Di Cera in 1992 18, more than two conformational states of throm-
bin may exist. Based on the visualizations of the structural ensembles with a consider-
ation of the variance of the representative structure56, the multi-state model proposed
by Huntington is more supported by our simulations since the 60s and γ loops have
obviously presented varied poses above and beyond the catalytic triad (Figure S1).

Figure 16.4: Sorted clustering time series of thrombin’s regulatory regions across
the concatenated MD trajectories. The clustering time series were sorted according to
the the ion-binding statuses. Frames corresponding to K+-bound/unbound and Na+-
bound/unbound were separated by red vertical lines. The makers with the largest
cluster ID denote the noise, i.e. singleton conformational clusters.
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16.3.3 Ion environments impact solvent accessible surface
of the catalytic sub-pockets and the whole thrombin
molecule

Regarding different conditions of ion binding/unbinding, the distributions of the sol-
vent accessible surface area (SASA) of the catalytic sub-pockets S1∼6, catalytic triad,
and the entire thrombin molecule were plotted in Figure 16.5a∼h respectively.

Depending on the ion types, the unbound cations present different impacts on the
SASA of the catalytic pockets (S1∼6), catalytic triad and even the whole protein
molecule Figure 16.5. The substrate pockets S1∼6 present wider distributions in
the environment with K+ ions, implying a more stable catalytic cleft in the Na+

environment. While most of these SASA distributions have only one central peak,
the S2, S4, S5, S6 and catalytic triad present a second peak in the presence of K+

ions. Such double peaks in the K+ simulations suggest there are two significantly
distinct conformations of involved residues. In the presence of K+ ions, the SASA
distributions of the S2 pocket and the whole protein both have a shift to larger SASA
values, indicating higher accessibility to the molecules in the solvent.

Moreover, as shown in Figure 16.5, the binding of cations appear to have a visible
influence on the S3∼6 pockets. For instance, based on the positions of related central
peaks, S3 and S4 pockets tend to become less exposed to the solvent after the binding
of Na+ or K+. The S5 and S6 pockets appear relatively more stable when a Na+ or
K+ ion is bound.

With at least 10,000 samples for SASA in each ion binding/unbinding condition,
Welch’s t-tests58 were carried out for to determine the statistical significance of dif-
ferences in the distributions of SASA, as shown in Figure 16.5. The binary results
(0 for not significantly different 1 significantly different) of these tests for significant
differences are shown in Table S3. Only 4 such pairs failed the significance test at a
1% level, with many having a much lower p-value as shown in TABLE S***.

According to Table S3, regardless of comparing the effects from the ion bind-
ing/unbinding or the ion types, S1, S3, S4, catalytic triad, and the whole protein
establish statistically different SASA distributions. Only 4 ion types or ion bindings
do not yield a statistically significant difference in the SASA distributions of sub-
pockets. These are S2 (NaOn vs. NaOff), S2 (NaOn vs. KOn), S5 (KOn vs KOff),
S6 (NaOn vs KOn), using the labeling given in Table S3.

16.3.4 Ion-binding introduces population shifts in the con-
formational free energy surfaces of thrombin

Consistent with the clustering results, the conformational free energy surfaces of
regulatory regions estimated from principal component analysis (PCA) (Figure 16.6)
show that the regulatory regions establish a narrower conformational space in the
Na+ environment than the K+ one. Although the sampled conformational spaces
of thrombin in Na+ and K+ simulations mainly overlap, there are ineligible areas
that are barely accessible to both simulated environments. Again, this suggests Na+
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Figure 16.5: Distributions of solvent accessible surface area (SASA). Regarding
conformations with a Na+-binding/unbinding and K+-binding/unbinding, the SASA
distribution of the catalytic sub-pocket S1∼6 residues are plotted respectively in
panels (a)∼(f). The SASA distribution of the catalytic triad and the SASA of the
whole protein are also plotted in (g) and (h).

and K+ have different global ion effects on the structural ensemble of the regulatory
regions.

As a more sensitive analysis than the HDBSCAN clustering, the PCA highlights
the dominant differences in the structural ensembles. Comparisons between Figure
16.6a and 16.6b indicate that the binding of Na+ introduces a new free energy well
(labeled as 2 on the figure). Upon the binding of Na+, the well 3 also shifts slightly
to well 1. Similarly, the wells 6 to 9 are destabilized by the binding of K+. After
K+-binding, conformations in well 5 become the most preferential and the size of the
conformational space shrinks (Figure 16.6c and 16.6d). As the new wells introduced
by the binding of ions are mostly within the conformational space before ion-binding,
the binding of a Na+/K+ ion merely perturbs conformational distributions instead
of causing a significant induced-fit, such that the corresponding conformational well
is beyond original conformational space. The visualization of the structures corre-
sponding to different wells (Figure 16.6e) reveals that primarily the γ loop exhibit
the multiple poses in response to the types of ions and the status of ion binding.

Conformational free energy surfaces of the heavy atoms involved in the catalytic
pocket, including the catalytic sub-pockets S1 to S6 (Table S1) and catalytic triad
(resid 79 135 241), were further constructed to examine possible subtle differences
around the catalytic site under different solvent conditions. Similarly, the conforma-
tional free energy surface of the catalytic pocket is broader in the K+ environment
than in the Na+ one. As seen in Figure 16.7, the wells labeled by 4 and 6 are only
observed in the simulations with K+ ions. The structural examination on the confor-
mations in the wells 4 and 6 indicates that the 60s loop has a chance to flip up in the
environment with potassium cations in the buffer, leaving the catalytic triad highly
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Figure 16.6: Conformational free energy surfaces of the regulatory regions. Re-
garding conformations with a Na+-binding/unbinding and K+-binding/unbinding,
four free energy surfaces are plotted respectively in panels (a), (b), (c), and (d) to
compare the ion effects. Structural ensembles corresponding to the labeled wells on
the free energy surfaces are visualized in panel (e). The representative structures of
the whole protein are displaced via the VMD NewCartoon representation in transpar-
ent green. The representative structure of the side chains in the regulatory regions
are indicated by the VMD Licorice representation in red. Gray shadows in VMD
NewCartoon representation display the variances in the regulatory regions. The side
chains of the catalytic triad residues are shown in blue. Significant conformational
differences in the regulatory regions are highlighted by the arrows.
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Figure 16.7: Conformational free energy surfaces of the catalytic pocket. Regarding
conformations with a Na+-binding/unbinding and K+-binding/unbinding, four free
energy surfaces are plotted respectively in panels (a), (b), (c), and (d) to compare the
ion effects. Structural ensembles corresponding to the labeled wells on the free energy
surfaces are visualized in panel (e). The visualization strategy here is the same as in
Figure 16.6). As indicated by the arrows, PC1 captures much of the variance in 220s
loop, and PC2 mainly captures different poses in the 220s loop.
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exposed (Figure 16.7e).
Except for wells 4 and 6, the rest of the area in the conformational free energy

surfaces basically overlaps regardless of global ion environments or local ion binding
statuses. However, when a Na+ or K+ cation is bound, the population of conforma-
tions will redistribute toward multiple kinetically connected wells along the second
principal component axis’s direction (Figure 16.7). Instead of the most populated
well 2 for the Na+-unbound thrombin and well 5 for the K+-unbound thrombin, the
well 1 around (PC1=-0.5, PC2=-1) and the well 3 around (PC1=0.5, PC2=-1.75) be-
come more populated after the binding of Na+ and K+ respectively. The structural
examination on the structures projected into the wells 1, 2 and 3 illustrates that the
principal component 2 mainly captures significant conformational variances in the
220s loop. When the cation is bound to the 220s loop, it is more likely to avoid a
blockage over the catalytic triad by the side chains in the 220s loop. Such blockage
has been referred to as a stabilized self-inhibited conformation and seen in the crystal
structure of the thrombin mutant D102N60.

16.4 Discussion

Given the extensive sampling that is up to 10 µs in total for conformations of Na+-
bound/unbound and K+-bound/unbound thrombin, the above results indicate that
the global ion environment and local ion binding conditions both have distinctive
influences on thrombin’s conformational ensembles of the surface functional loops.
The regulatory regions including exosite I and II, 60s and γ loops on the surface of
thrombin are more likely to remain in some long-lived conformational states when
Na+ is available in the environment. Comparisons among the visualization of several
most populated clusters (Figure S1) particularly indicate that the highly dynamic
γ loop can exhibit two similar long-lived poses in the Na+ environment, while the
γ loop only presents many fast transitive poses in the K+ simulations. This also
suggests thrombin may have different kinetics under different environments, which
will be discussed more systematically in our future work.

The conformational free energy surfaces estimated based on the principal com-
ponent analysis (PCA) provides more sensitive measurements of the conformational
ensembles of thrombin. Instead of the induced fit to the binding ion, our results
demonstrate the ion-binding perturbs the conformational populations of thrombin’s
catalytic pocket. As shown in Figure 16.7a and 16.7b, Na+-binding destabilizes well
2 and stabilizes the less populated wells 1 and 3; the binding of K+ cation destabi-
lizes wells 5 and 6 and stabilizes wells 3 and 1. Due to the experimental observations
that Na+ ions significantly maximize thrombin’s enzymatic activities rather than K+

ions13, the conformations within well 1 are likely to be more favorable for the cat-
alytic functions of thrombin. Therefore, the reason why the monovalent Na+ cation
has more dramatic effects on thrombin’s catalytic activities than the K+ ion does may
be that (1) the binding of Na+ ion stabilizes the catalytically active conformations
in well 1, while K+-binding also presents some stabilization of the catalytically less
favorable forms in wells 3 and 4 and/or (2) the binding of a Na+ ion is more selected
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over a K+ one due to Na+’s relatively smaller ionic radius and the optimal shape of
the 180s loops ensured by its length61.

It should be noticed that that the structural differences between wells 1, 2, and
3 are mainly the side chain orientations (Figure 16.7e). Free energy barriers be-
tween the majority of wells are within or around the thermal fluctuation energy of
kT (∼0.6kcal/mol at room temperature). A small perturbation can easily cause a
conformational change in the orientations of the side chains. Considering the crystal
packing effects can provide up to 6 kcal/mol of free energy contribution to protein
stability62, the hypothesis that the “fast form” of thrombin could be stabilized during
crystallization22 is partially supported by our estimated free energy surfaces.

Moreover, after Na+/K+-binding, there is only a single deep free energy well
corresponding to the backbone conformation of the catalytic pocket residues (Figure
S2). These observations on the free energy surfaces demonstrate that, Na+/K+-
binding modulates the side chain orientation of the catalytic pocket residues among
multiple conformational states, while primarily a single backbone conformation is
stabilized by the ion binding. As Na+-binding mainly narrows the conformational
distribution of the backbones of the catalytic pocket residues, it explains why no
significant backbone changes induced by Na+ ions has been seen in this region among
solved crystal structures.

Through the simulations, we see that the surrounding cations – bound and unbound–
have a complex regulation on thrombin’s conformational ensembles. The surface loops
of thrombin, such as the 60s, 70s and the γ loops, present different mobilities and
stabilities with respect to the unbound Na+ and K+ molecules. Such different global
ion effects might be associated with the different density distributions of unbound
monovalent cations that were recently investigated by Kurisaki et al. 63. These au-
thors also show the binding of Na+ is ineffective in forming the primary substrate
pocket S164 and infer that, instead of the bound Na+ molecule, the unbound ones
plays important roles in the allosteric activation of thrombin.

At first blush, our results seem to agree as the S1 pocket appears unaffected by
the bound cations when visually comparing its ion+-bound and ion+-unbound en-
sembles’ solvent accessible surface areas (SASAs) (Figure 16.5a & Table ). However,
the statistical tests demonstrate both the bound and unbound cations result in sig-
nificantly different SASA distributions of S1 at the 1% significance level (Tables S3
& S4). This discrepancy is likely due to the difference in simulations timescales.
Our 50-fold longer simulations may have uncovered a slightly (but statistically sig-
nificant) different mean that is only apparent in microsecond-timescale simulations
and not seen in shorter computational runs previously discussed in literature64. Ex-
cept for the sub-pocket S1, we also have seen that the bound and unbound cations
can exhibit statistically (Tables S3 & S4) and physically (Figure 16.5b∼g) significant
effects on the solvent accessible surface areas of thrombin’s other sub-pockets. Our
SASA analysis indicates the necessity of and a path forward for more comprehensive
examination of the catalytic sub-pockets in order to understand Na+’s activation of
thrombin.

The locally bound Na+/K+ ion establishes delicate mediations of the conforma-
tional distributions of thrombin’s catalytic pocket and regulatory regions. Multiple
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previously existing conformational states become more thermodynamically accessible
after the binding of a Na+/K+ ion. As a result, it becomes easier for the throm-
bin to “find” a favorable conformation to recognize and interact with the substrate.
Therefore, our simulations suggest general allostery is the mechanism of thrombin’s
Na+-mediated functional switch between the “fast” and “slow” forms in catalytic
events. As opposed to the two-state model proposed by Wells and Di Cera in 1992
based on the catalytic activities18, Huntington’s (2012) multiple-state model22 is
more supported by our explanation of general allostery in the structural ensemble
viewpoint.

16.5 Conclusion

Through detailed comparisons of thrombin’s structural ensembles in the microsecond-
scaled all-atom MD simulations in sodium chloride and potassium chloride buffers,
we reveal that thrombin is an ion-mediated enzyme in terms of its mechanical and
thermodynamic properties. Via both the bound and unbound cations in the solvent,
thrombin has relatively complex regulation on its conformation distribution. Both
Na+- and K+-bindings narrow the conformational space of the regulatory regions and
the catalytic pocket residues and cause population shifts toward multiple conforma-
tion states. Na+ cations selectively stabilize the regulatory regions, particularly the
highly dynamic γ loop. The binding of Na+ also selectively stabilizes some catalytic
pocket conformations, including the potentially catalytically favorable and unfavor-
able ones. This stabilization may cause the functional switch between the “fast” and
“slow” forms of thrombin.

Generalized allostery is the mechanism of thrombin’s delicate ion-mediation. Our
finding provides mechanistic insights into how thrombin is activated by the Na+ ions,
via stabilizing thrombin’s regulatory surface loop and shifting the conformational
distribution of the side chains around the catalytic pocket. Our understanding of
generalized allostery on thrombin further suggests potential in the design and devel-
opment of allosteric drugs that target thrombin.
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16.7 Supplementary material

An online supplement to this article can also be found by visiting BJ Online at
http://www.biophysj.org.

Table S1: Thrombin catalytic sub-pocket residues. The full list of catalytic sub-
pocket residues under our residue ID numbering scheme was followed the definition
in65.

Pocket Residues

S1 resid 79 235 to 241 261 to 264 266 267 268 274 275
S2 resid 79 83 86 132 238 262 263
S3 resid 86 263 264 265 266
S4 resid 213 215 263 264 265
S5 resid 215 265
S6 resid 214 215

Table S2: Skewnesses of SASA distribution curves

S1 S2 S3 S4 S5 S6 CatalyticTriad WholeProtein

NaOn 0.108 -0.314 -0.365 0.212 0.032 -0.288 0.135 0.332
NaOff -0.015 0.053 -0.003 -0.252 -0.603 -1.022 0.330 0.525
KOn 0.092 -0.325 0.115 0.247 -0.085 -0.437 0.140 0.011
Koff -0.064 -0.254 0.117 -0.243 0.043 0.125 0.844 0.206
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Figure S1: Visualization of structures of the top four non-noise clusters
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Figure S2: Conformational free energy surfaces of the alpha carbons in the
catalytic pocket regarding conformations with a Na+-binding/unbinding and K+-
binding/unbinding.
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Table S3: Rejection decisions for the null hypothesis on the SASA distribu-
tions in the Welch’s t-tests. The distributions of SASA measurements for S1∼6,
catalytic triad, and the whole protein are statistically compared concerning Na+-
bound/unbound and K+-bound/unbound conditions. The values of 0/1 indicate that
the null hypothesis is not rejected/accepted at the 1% significance level in the Welch’s
t-test. The digits of 1 in the table are colored in red, highlighting the pairs of SASA
measurements with significant differences.

NaOn vs. NaOff NaOn vs. KOn NaOff vs. KOff KOn vs. KOff

S1 1 1 1 1
S2 0 0 1 1
S3 1 1 1 1
S4 1 1 1 1
S5 1 1 1 0
S6 1 0 1 1

CatalyticTriad 1 1 1 1
WholeProtein 1 1 1 1

Table S4: p-values in Welch’s t-tests on SASA measurements

NaOn vs. NaOff NaOn vs. KOn NaOff vs. KOff KOn vs. KOff

S1 2.1E-07 8.0E-04 8.1E-87 8.6E-48
S2 5.7E-02 1.8E-01 2.1E-39 7.7E-20
S3 1.9E-03 5.4E-261 0.0E+00 5.1E-05
S4 1.3E-321 1.5E-54 4.9E-153 4.7E-125
S5 5.2E-152 6.0E-04 1.6E-135 3.4E-02
S6 1.7E-20 9.2E-01 1.3E-178 0.0E+00

CatalyticTriad 1.1E-68 8.8E-130 8.3E-223 8.7E-09
WholeProtein 1.4E-185 4.4E-35 0.0E+00 1.8E-133
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Abstract

Thrombin is a key component for chemotherapeutic and antithrombotic therapy de-
velopment. Until the discovery of several disease-associated mutations in the light
chain, it was considered an unnecessary activation remnant for thrombin’s function.
As the physiologic and pathologic roles of the light chain still remain vague, in this
study, we continue previous efforts to understand the impacts of the disease-associated
single deletion of LYS9 in the light chain. We investigate the variation in conforma-
tional ensembles through ten – all-atom – one microsecond-scale molecular dynamics
(MD) simulations of the wild-type and ∆K9 mutant forms of thrombin. By com-
bining supervised and unsupervised machine learning methodologies with MD and
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more traditional structural analyses, we show that the conformational ensemble of
the ∆K9 mutant is significantly perturbed. The analyses of atomic fluctuations, con-
formational clusters, solvent-accessible-surface areas and conformational free energy
profiles consistently indicate that both the catalytic cleft and regulatory functional re-
gions are destabilized by deletion of LYS9 and result in some conformational changes
that occur in tens to hundreds of nanosecond scaled motions. We also reveal that the
two forms of thrombin each prefer a distinct binding mode of a Na+ ion. We expand
our understanding on previous experimental observations and shed light on the mech-
anisms of the LYS9 deletion associated bleeding disorder by providing consistent but
more quantitative and detailed structural analyses than early studies in literature.
With a novel application of supervised learning, i.e. the decision tree learning on the
hydrogen bonding features in the wild-type and ∆K9 mutant forms of thrombin, we
predict that seven pairs of critical hydrogen bonding interactions are significant for
establishing distinct behaviors of wild-type thrombin and its ∆K9 mutant form. Our
calculations indicate the LYS9 in the light chain has both localized and long-range al-
losteric effects on thrombin, supporting the opinion that light chain has an important
role as an allosteric effector.

17.1 Introduction

Thrombin is a multifunctional serine protease with critical coagulant and anticoagu-
lant properties in blood coagulation cascades1,2. Meanwhile, thrombin plays impor-
tant roles in tumor growth, metastasis, angiogenesis and invasion3,4,5,6. Therefore,
thrombin is an attractive drug target for antithrombotic therapy7,8,9 and chemother-
apeutic development10,11.

Activated from its precursor prothrombin, human α-thrombin is composed of
a 36-residue light and a 259-residue heavy chains (also respectively referred to as
“A” and “B” chains, as shown in Figure S1). These two chains are linked to each
other through a disulfide bridge between CYS1 and CYS122 (in the chymotrypsin
numbering scheme) and a network of salt bridges, ionic interactions and hydrogen
bonds12,13,14. In addition to the catalytic triad, several known functional sites are
also located in the heavy chain of thrombin13. Such functional sites include hy-
drophobic 60s and hydrophilic γ loops, 220s loop, and anion-binding exosite I and II
(Figure S1). The 220s loop is also known as “sodium binding loop” due to its specific
accommodation of a Na+ ion15,16 (Figure S1), which maximizes thrombin’s catalytic
function17,18,19,20. However, unlike the catalytic heavy chain, the light chain has been
less studied and considered an unnecessary activation remnant for thrombin’s func-
tion21,22 until the discovery of severe bleeding phenotype associated mutations in the
light chain23,24,25,26.

Several previous experimental studies have shown that mutations in the light chain
can cause dramatic perturbations of thrombin’s catalytic activities27,28,29. Moreover,
the thrombin light chain has also been proposed to serve as a sensitive marker for de-
tecting gastric cancer due to a decreased level of the circulating thrombin light chain in
gastric cancer patients’ serum (though, the precise mechanism is unknown)30. These
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results suggest the light chain of thrombin should have a functional importance in its
enzymatic properties and cancer development, although – again – the physiologic and
pathologic roles of the light chain and the mechanisms behind relevant experimental
observations are not yet fully understood14,27.

Previous computational studies using a single run of 18 ns molecular dynamics
simulation have made progress into the molecular-level details28,29. More recently, in
addition to fast dynamic motions at the ps-ns timescale, thrombin’s slow time scale
dynamics in surface loops, have been revealed by NMR experiments and conventional
and accelerated MD calculations31, suggesting longer time scale MD simulations are
required to study allosteric changes in thrombin. In this work, we continue the
progress in understanding the role of thrombin’s light chain by combining microsecond
all-atom molecular dynamics simulations of wild-type thrombin and its mutant with
the deletion of the LYS9 residue with several recently developed machine learning
techniques. We performed five independent 1 µs all-atom MD simulations (10 µs of
simulations in total) for thrombin in the wild-type and LYS9 deletion mutant forms
to probe the mutant effects regarding the conformational properties. Our calculations
reveal consistent but more quantitative and detailed light chain mutation effects than
previous relevant studies. Through a novel application of decision tree learning on
the hydrogen interaction features, we predict several key residue interactions that
provide a new mechanistic insight into how the naturally occurring LYS9 deletion
causes severe bleeding disorders.

17.2 Materials and Methods

17.2.1 Simulated Systems

To gain further understanding of the light chain mutations’ structural influences at
the atomic level and in the microsecond regime, we simulated human α-thrombin
in wild-type and LYS9 deletion (also referred to as ∆K9 in the following context)
mutant forms. The initial structure of the wild-type thrombin was based on the
protein structure in PDB 4DIH32. The missing residues of thrombin in this PDB
(19 out of 295 residues) were modeled through Modeller33. Other missing hydrogen
atoms were added via VMD’s psfgen package34, using default parameters. As no
crystal structure of α-thrombin with light chain mutations has been yet solved, here,
the initial structure of the LYS9 deletion mutant was modeled via Modeller using
the thrombin structure in the same PDB 4DIH as the structural template. Missing
residues and hydrogen atoms for the mutant were added via the same procedures we
performed for the wild-type. As a result, the initial structures of the wild-type and
mutant forms have a large extent of overlaps due to the exactly same coordinates
for most atoms (Figure S1). The relatively long (microsecond) time scales used in
our study should ensure systems relax to their intrinsic conformational ensembles.
Therefore, we expect the conformations of the wild-type and the LYS9 deletion mutant
to be well-sampled by our simulations (10 runs of one microsecond simulations in
total).
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17.2.2 Simulation Configurations

Given previous identifications of slow dynamic motion of thrombin’s surface loops31

and the fact that initial structure of the mutant form is modeled based on the wild-
type one, access to these longer time scale is necessary to achieve full relaxation
from the wild-type structure based model and probe events that take place only on
longer time scales35,36,37. Leveraging recent developments in GPU parallelization, we
performed five one-microsecond-long all-atom MD simulations for each system, i.e. a
total of 5 microseconds for wild-type thrombin and ∆K9 mutant respectively. These
simulations were performed using the GPU-enabled ACEMD simulation package38

and Titan GPUs in Metrocubo workstations produced by Acellera.
To mimic the aqueous, we solvated the protein by putting an explicit TIP3P39

water box around thrombin using a 10 Å padding in VMD34. Since the activation of
thrombin requires Na+ cations, via the autoionize package in VMD, sodium chloride
ions were added to neutralize the systems and the concentration of Na+ was set to
a typical experimental value of 0.125 M32. All ionizable residues were considered
in their default protonation state at physiological pH. These procedures result in
a simulation cell with more than 31,000 atoms and enable a close examination of
each form of thrombin at the single molecular level. Prior to simulation, all systems
underwent 1,000 cycles of conjugate gradient minimization to avoid un-physical initial
configurations. All simulation runs were performed with the CHARMM27 force field
that has a CMAP correction for proteins40,41 under NPT ensemble (constant particle
number, temperature and pressure). The pressure was set at 1 atm using Berendsen
pressure control42 with a 400 fs relaxation time. Using Langevin thermostat43 with
a damping coefficient of 0.1, the temperature was maintained at 300 K . A 9 Å cutoff
and 7.5 Å switching distance was applied for van der Waals and electrostatic forces.
The smooth particle mesh Ewald method as implemented in ACEMD44,38 was used
to calculate the long-range electrostatics with 72 evenly spaced grid points in all three
directions. The time step was set to 4 fs during the simulations due to a usage of
the hydrogen mass repartitioning scheme45. Bonds involving hydrogen atoms were
constrained using the SHAKE algorithm46. Conformations sampled in the simulations
were saved in the MD trajectory file in every 2,500 steps (i.e. 10 ps) for the balance
of temporal resolution and cost in storage. As a result, we have a extensive sampling
of 100,000 conformations across one-microsecond time scale for each simulation run.

17.2.3 Processing and Analysis Methods

We first aligned all frames in MD trajectories to the initial structure of wild-type
thrombin through rigid body translations and rotations to minimize the root-mean-
square deviation to the alpha carbons of the common residues in the wild-type and
∆K9 forms. This alignment was performed with the ‘align’ class in Python library
MDAnalysis47,48,49,50. As we found the relaxation time (∼ 20 ns, according to the Cα
atom root-mean-squared distances to the initial structure) is much smaller than the
simulation time (1000 ns) for all simulation runs, we performed our analyses on the
whole trajectory for each system.
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Root-mean-squared fluctuations (RMSF) were computed for each alpha carbons
in the wild-type and ∆K9 mutant thrombin as a first line examination of backbone
mobility differences in these two forms. The RMSF calculation was based on

RMSFα =

√
1

N

∑N

t=1

(−→
rαt −

〈−→
rαt

〉)2
, (17.1)

where
−→
rαt is the coordinate vector of atom α in frame t and <

−→
rαt > denotes the

average position vector of atom α over all frames.
To explore the similarities and differences of thrombin’s conformational responses

to the light chain mutation, we carried out Amorim-Hennig clustering analysis51,52 on
the concatenated trajectories of the common atoms in the wild-type and ∆K9 mutant
thrombin. As a recently developed unsupervised learning technique, Amorim–Hennig
(AH) clustering with a default Minkowski weight 2 (which intuitively corresponds to a
Euclidean distance metric51), has been shown its effectiveness and sensibilities on MD
data52. We applied such a non-parametric clustering method to all MD trajectories
via our Python implementation available on figshare53. Depending on the size of
regions of interest, we clustered the common Cα atoms of (1) the entire molecule
and the heavy atoms (not hydrogen) of (2) the catalytic triad and (3) the regulatory
region, which explicitly includes the exosite I and II, 60s, 220s, and γ loops (details
about the residue ranges see Tables S1). To save computation time, all frames of
conformations in the MD trajectories were re-sampled by a striding factor of 10 in
the clustering analysis.

As an important metric of inter- and intra-molecular interactions, hydrogen bonds
were detected and analyzed over all conformations we sampled in the simulations of
wild-type and ∆K9 mutant thrombin. Using the HydrogenBondAnalysis class in
MDAnalysis47, we searched for hydrogen bonds of at least intermediate strength as
defined in Steiner, 2002 54. Under this definition, heavy atoms of the donor and ac-
ceptor pairs atoms must be within 3.2 Å and the bond angle of heavy atom-hydrogen-
heavy must be greater than 120◦ . If such an intermediate-strength hydrogen bond
was detected between two residues, we said these two residues formed a hydrogen
bond pair. Then, given a frame of conformation, we constructed a binary feature
vector of all possible pairs of residues with hydrogen bonding. This reduced feature
set has been recently adopted as inputs for decision tree learning and helped identify
allosteric response to three type of DNA damages55.

Using the same protocol described in detail by Melvin et al. 55, we performed
supervised learning on residue-residue hydrogen bonding features via a construction
of decision trees. By fitting decision trees on the binary hydrogen bond trajectories of
interactions among non-LYS9/LYS10 residues in the wild-type and mutant thrombin,
we were able classify conformations of the wild-type and ∆K9 thrombin based on the
knowledge of the presence of hydrogen bonds. Furthermore, the trained decision tree
helps us identify key motifs of residue-residue hydrogen bonds that differentiate the
wild-type and ∆K9 mutant thrombin, offering predictions of critical interactions and
suggestions for designs of further mutagenesis studies.

Since Na+ binding has been thought as an allosteric effector of thrombin’s en-
zymatic activation17,18,19,20,56, we monitored the mean distance < d > between the
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sodium binding loop (220s loop) atoms and the nearest Na+ ion. Based on the his-
tograms of < d > in each type of simulations and structural examinations for each
peak, a frame was defined as Na+-bound (or say ‘Na+-on’) if the < d > associated
with that frame was less than or equal to 9.3 Å and 9.5 Å respectively for wild-type
and ∆K9 forms of thrombin. As seen in our previous work56, this mean distance
captures the stable interior bindings rather than the surface ones and correlates well
with the minimum distance (less than 4.0 Å) between the 220s loop atoms and the
stably bound cation. Moreover, as we will see in the next section, rather than the
minimum distance, the mean distance preserves some profound information about
the relative position of the bound Na+ to the 220s loop. Therefore, we used the mean
distance < d > here to illustrate the existence of multiple interior binding modes.

For both the Na+-bound and Na+-unbound states, we calculated solvent accessible
surface areas (SASA) of the catalytic triad and subpockets and S1-6 (residues involved
see Table S1) and the whole protein. The measurement of SASA was carried out via
the Shrake and Rupley algorithm57 implemented by MDTraj. Comparisons of the
distribution of these SASAs indicate direct and indirect impacts of the mutations in
the light chain.

To dissect impacts of the light chain mutation on thrombin’s conformational space,
principle component analysis (PCA) was performed on the concatenated trajectories
of the selected common atoms in the wild-type and mutant thrombin. This tech-
nique – commonly used for dimension reduction in machine learning – allowed us to
project high dimensional structural information onto a reduced space. Here, we con-
structed the conformational free energy surfaces of the regulatory region (defined in
the clustering analysis) and the catalytic cleft that includes catalytic triad and S1-6
subpockets. By diagonalizing the covariance matrix for the heavy atoms in above
regions of interest, we obtained dominant components capturing the majority of dy-
namic variance in the wild-type and mutant systems. By projecting the coordinates
of corresponding heavy atoms in the aligned trajectories onto the eigenvectors with
two largest eigenvalues, distinct conformations in the region of interest are expected
to have distinguished projections in the reduced conformational space. Through bin-
ning the projections and converting the frequency P of each bin into free energy G
via

∆G = −kT ln

(
P

P0

)
, (17.2)

where kT is the product of Boltzmann’s constant k and temperature T , and P0 is
the minimum frequency among all bins, we calculate the free energy change ∆G. We
then constructed the conformational free energy surfaces of the interested regions.
The PCA decomposition was carried out via the ‘pca’ module in PyEmma58 Python
package.

The conformational ensembles in the free energy wells was visualized via the
Tachyon render in VMD 1.9.234. To show potential variances of the representa-
tive structure in the selected well, as previously suggested by Melvin and Salsbury 59,
we visualized the conformational ensembles by showing the representative structure
in solid and the other conformations in the same structural ensemble as shadows.
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Here, the representative structure was chosen as the one that is closest to the average
conformation in the most populated bin in the selected well. For the representa-
tive structures, we also displayed the side chains of the residues of interest. For the
shadows, which were randomly selected 50 structures in the same bin to indicate the
variance, only the backbone using the new cartoon representation was displayed for
simplicity of the image.

17.3 Results

17.3.1 LYS9 deletion reduces the structural rigidity of main
regulatory regions

Root-mean-square fluctuations for the α-carbons of ∆K9 (Mutant) and wild-type
(WT) thrombin highlight what regions of thrombin’s backbone flexibility are affected
by the deletion of LYS9 (Figure S2).The time-averaged atomic fluctuations reveal
most of these regions are known functional sites of thrombin, including 60s, 180s, 220s
and γ loops, exosite I and II. In particular, these sites exhibit increased mobilities in
the ∆K9 mutant thrombin (Figure S2a & b) than the wild-type one. As indicated by
the colors in Figure S2b, the rigidity of the γ and 60s loops is significantly reduced in
mutant thrombin, though this mutation (∆K9) is distant (> 40 Å) from the γ and
60s loops.

On the hand, as shown by the left sub-figure in Figure S2b, the LYS9 deletion in
the light chain appears to result in a slightly more rigid light chain. The residues near
LYS9 present about 0.5 Å more fluctuations in the presence of LYS9. Similar to the
C-terminus of the light chain, the backbones of the adjacent alpha helix (resid 164
to 168 in the sequential numbering scheme, i.e SER129B to ALA132) in the heavy
chain are also slightly more flexible in the wild-type thrombin.

17.3.2 Clustering across configurations highlights deceased
stability of mutant thrombin

Clustering analysis of concatenated common residue trajectories for the the wild-type
and mutant thrombin offers quantitative estimations of the structural diversity. As
shown in Figure S3, Amorim-Hennig (AH) clustering indicates the wild-type throm-
bin has more structurally stable ensemble and the mutant has more diverse structural
ensembles. Only one primary backbone conformation is present in wild-type throm-
bin, while two extra conformational clusters contribute to 36% and 8% populations
of the backbone conformations in the thrombin mutant (Figure S3a).

Except for Cα atoms, to take into account the side chain arrangement, we also
clustered the heavy atoms of several regions of interest. Similar to the backbone clus-
tering, the heavy atom clustering of the regulatory regions (60s, 220s and γ loops,
exosite I and II), catalytic triad demonstrates the conformational ground state is more
likely to split into multiple conformationally metastable states for the thrombin mu-
tant. In particular, the gamma loop establishes several different shapes in the mutant
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thrombin rather than the dominant one in the wild-type. The 60s loop also presents
unique movement in the lack of LYS9 (Figure S1). While the the conformational
differences between the catalytic triad cluster 0 and 1 appear subtle (Figure S2), the
side chains orientation of the catalytic triad in the AH detected cluster 1 becomes
about 4-fold more likely to occur in the ∆K9 mutant thrombin than the wild-type.

17.3.3 LYS9 deletion results in perturbed hydrogen bonding
network

Due to important roles of hydrogen bonding network in allosteric communication60,61,62

and structural stability63, hydrogen bonding statuses among residues were monitored
and compared for both wild-type and ∆K9 mutant thrombin. While the LYS9 residue
in the wild-type thrombin contributes to 15 hydrogen-bonding pairs that ∆K9 mutant
thrombin can impossibly form, the mutant thrombin with a deletion of LYS9 presents
256 more unique residue-residue pairs with hydrogen bonds than the wild type. This
increment in number of hydrogen-bonding pairs in the mutant thrombin is ascribable
simply to the new hydrogen bonds formed in the heavy chain, since the numbers of
hydrogen-bonding pairs within the light chain and between the light and heavy chains
are larger in the wild-type due to an extra LYS9 (Table S1). On the other hand, as
quantitatively assessed in Table S1, the wild-type thrombin has a higher mean value
but slightly smaller standard deviation in the counts of the residue-residue hydrogen-
bonding pairs regardless of the consideration of the LYS9 residue. These statistics
imply the wild-type thrombin has a more stable conformational ensemble than the
∆K9 mutant thrombin and thrombin’s hydrogen bonding network is perturbed by
the deletion of the light chain residue LYS9 in terms of the occupancy and diversity
of hydrogen bonds.

Table S1: Statistics of residue pairs with hydrogen bonds

Conf. WT WT WT WT WT ∆K9 ∆K9 ∆K9 ∆K9
all w/i A w/i B b/t A & B all but K9 all w/i A w/i B b/t A & B

Unique 2006 203 1520 283 1991 2262 191 1811 260
Mean 184.35 14.30 158.80 13.26 183.59 181.18 13.84 154.81 12.53

Std. Dev. 7.56 2.86 6.73 2.44 7.56 7.96 2.81 7.09 1.99
* Heavy and light chains are labeled as ‘A’ and ‘B’. ‘w/i’ denotes ‘within’; ‘b/t’ denotes

‘between’.

We compared the prevalence of each hydrogen bonding pair in the wild-type and
mutant thrombin systems by subtracting each hydrogen bonding pair’s occupancies
in both systems. Sixteen residues pairs exhibited a considerable difference – hav-
ing a difference in occupancy of more 33% between the two systems – in hydrogen
bonding interactions (Table S2). Out of 16 pairs, 10 have a much greater occupan-
cies in the wild-type, indicating the wild-type thrombin have a more stable struc-
ture. The hydrogen bonds between the LYS9 and ASP116, and LYS9 and PRO5
are entirely missing in the mutant thrombin due to the lack of LYS9. Moreover,
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the wild-type form preserves several hydrogen bonds formed within the light chain
(LEU12-PHE7, LYS10-LEU6) and heavy chains (LEU40-GLY147F, TYR94-LEU60,
LYS147G-GLU39, ASP221A-ASP189, LEU60-ALA56, LEU144-GLN151). While the
deletion of LYS9 destabilizes these hydrogen bonding interactions, the hydrogen bonds
involved the LYS9 in the wild-type form are compensated by the nearby LYS10. In-
stead of LYS9, in the ∆K9 mutant thrombin, LYS10 starts selectively interacting with
ASP116. However, this hydrogen bond interaction between the light and heavy chain
is about half likely than the hydrogen bond between LYS9 and ASP116, which is se-
lected by the wild-type thrombin. In addition, several hydrogen bonds (SER11-LEU6,
LEU12-LEU6, ARG73-GLU39, TYR94-ASP102, THR147-GLU192) are preferential
by the ∆K9 mutant thrombin (Table S2), which implying the significantly changes
in hydrogen bonding network are not only located beside the LYS9 residue but also
distant residues around catalytic cleft.

To identify underlying key hydrogen-bonding pairs of residues differentiating the
wild-type and ∆K9 mutant thrombin, decision tree classifiers were constructed based
on residue-residue hydrogen bonding features of the wild-type and mutant thrombin
here. Via a decision tree with 169 levels of hydrogen-bonding pair decisions, we can
at most classify the two types of thrombin’s conformations as accurate as 99.9985%.
Pruning such full tree by 166 levels, a simple decision tree as shown in Figure S4(a)
still yields 96.21% classification accuracy (Figure S3).

The presences of hydrogen bonds among these six pairs of residues, which are (1)
LEU12-PHE7 (2) LEU40-GLY147F (3) LEU12-LEU6 (4) TYR94-LEU59 (5) ASP221A-
ASP189 (6) THR147-GLU192, establish distinct hydrogen bonding motifs of the wild-
type and ∆K9 mutant thrombin. For example, the hydrogen bond motifs of (LEU12-
PHE7:Yes) and (LEU12-PHE7:No, LEU40-GLY147F:Yes) cover 74.12% and 13.94%
sampled conformations of wild-type thrombin, while these two motifs only occur in
3.54% of observed conformations without the K9 residue. Instead, (LEU12-PHE7:No,
LEU40-GLY147F:No, LEU12-LEU6:Yes), (LEU12-PHE7:No, LEU40-GLY147F:No,
LEU12-LEU6:No, TYR94-LEU59:No) and (LEU12-PHE7:No, LEU40-GLY147F:No,
LEU12-LEU6:No, TYR94-LEU59:Yes, ASP221A-ASP189:No) are mostly preferable
by 92.67% sampled conformations of ∆K9 mutant thrombin. Further splits of the
hydrogen bonding decision tree – such as ASP221A-ASP189 and THR147-GLU192
– yield a higher coverage of each type of conformations, though the purities in these
leafs are less than the top level splits. The requirement of these hydrogen bonding
decisions for a better coverage of the ∆K9 mutant implies a distribution shift in the
conformational space due to the deletion effect. As we have seen above, the occu-
pancies of hydrogen bonds among these six pairs of residues are 33.33% greater in
one system than another (supplementary hbond table). Again, it is clear that con-
siderable changes in hydrogen bonding network are not only localized but also long
ranged allosteric (Figure S4(b & c)).
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17.3.4 Weakened and perturbed Na+ binding in LYS9 dele-
tion mutant thrombin

The association and dissociation of a Na+ ion have been observed in both wild-type
and ∆K9 mutant thrombin. As assessed by the distance between the 220s loop (also
known as sodium binding loop) and the nearest Na+ ion, the bound Na+ ion presents
two binding modes onto the sodium binding loop in both simulations of wild-type
and mutant thrombin (Figure S5). However, the first binding mode, where Na+ is
binding outer region of the 220s loop ( as shown in Figure S5b), is preferable to the
∆K9 mutant thrombin. The second binding mode (S5c), where the bound Na+ is
located at the inner the 220s loop and almost entering the S1 subpocket of thrombin,
is more selected by the wild-type thrombin. The former binding mode has been seen
in the crystal studies of thrombin (15,16); the later one is consistent with the density
distribution of Na+ illustrated in the previous computational work (64).

Here, we simply defined the Na+-bound and unbound states of thrombin without
differentiating binding mode 1 and 2. The numbers of frames of the Na+-bound
and unbound states for wild-type and mutant thrombin are listed in Table S2. This
statistics clearly indicates that the binding of Na+ ion becomes about half likely for
the ∆K9 mutant thrombin than the wild-type, suggesting a weakened affinity of Na+

binding.

Table S2: Statistics of frames with ion-binding/unbinding.

Bound Unbound
(frames / percentage) (frames / percentage)

Wild-type 306,521 / 61.30 % 193,479 / 38.70 %
∆K9 Mutant 141,974 / 28.39 % 358,026 / 71.61 %

17.3.5 LYS9 deletion perturbs solvent accessible surface ar-
eas

As a reflection of conformations and meaningful quantity for interacting substrates,
solvent accessible surface areas (SASA) of catalytic subpockets S1-6, catalytic triad
and the whole protein were computed for wild-type and ∆K9 mutant thrombin in
Na+-bound and Na+-unbound states. As shown in Figure S6, the wild-type and
mutant thrombins exhibit significantly distinct distributions of SASAs of the catalytic
cleft and event the whole protein.

The ∆K9 mutant thrombin in general presents a wider distribution of SASAs
than the wild-type (Figure S6), suggesting a more dynamic structural ensembles. In
particular, when there is no Na+ attaching to the interior of sodium binding loop,
the mutant thrombin exhibits highly perturbed SASA distributions of S2, S6 and
catalytic triad. The binding of a Na+ ion make the the mutant thrombin turn more
wild-type-like in terms of the distribution of the catalytic subpockets’ SASAs.
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The catalytic triad’s SASA of the mutant thrombin is altered dramatically, re-
gardless of the status of Na+ binding. As seen in Figure S6(g), the multiple distinct
peaks than the single one of the wild-type indicate the catalytic triad residues and
their vicinity area establish less stable conformations than they have in the wild-type
thrombin. The catalytic triad is more exposed when K9 is not present in the light
chain. Similarly, although the wild-type thrombin has one residue than the ∆K9
mutant one, the deletion of the K9 in fact leads to a more solvent exposed surface
area for the whole protein molecule.

17.3.6 LYS9 deletion disrupts thrombin’s conformational free
energy profiles

Conformational free energy profiles of the wild-type and ∆K9 mutant thrombin were
estimated via principal component analysis, which is a very sensitive approach to
reflect dominant structural differences in the wild-type and mutant thrombin. Na+-
bound/unbound states were also considered as what we did in the SASA analysis,
aiming to reveal the independent and combined influences of the LYS9 deletion and
the known allosteric effector of Na+ ions.

As shown in Figure S7, the conformational free energy surface of the regulatory
regions, including the 60s, 220s and γ loops and exosite I and II, is dramatically
perturbed by the deletion of LYS9. The primary conformational free energy well of
above regulatory sites shifts to a large region that is inaccessible for wild-type throm-
bin. While the wild-type thrombin primarily establishes one narrow well, the mutant
thrombin presents multiple spread wells. Furthermore, the binding of Na+ mainly
alters populations of the wild-type thrombin among several conformations with sub-
tle structural differences in the regulatory regions (Figure S7e). However, unlike
wild-type thrombin, the Na+-binding stabilizes some conformations of the regulatory
regions that are only presented by the mutant thrombin rather than the wild-type.
These conformations have a greater blockage of the catalytic cleft by the γ loop but
a more exposed catalytic triad due to the extension of the 60s loop (Figure S7e).

The conformational free energy surfaces of the catalytic cleft, including the cat-
alytic triad and substrate pockets S1-6, also reveal that the LYS9 deletion causes a
striking disruption of the shape of the catalytic site. While the wild-type thrombin
illustrates a major stable conformational free energy well in Figure S8a & b, the mu-
tant thrombin displays multiple separate wells in the free energy surfaces (Figure S8c
& d). The catalytic clef of the ∆K9 mutant thrombin is thus not as stable as the one
in the wild-type thrombin. The mutant’s 60s loop is able to flip up and the end of the
220s loop exhibits more variances in its orientations (Figure S8e). Again, the binding
of Na+ to the mutant thrombin stabilizes the conformations that are not seen in the
wild-type thrombin.
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17.4 Discussion

Our quantitatively comparisons of the wild-type and ∆K9 mutant thrombin above
consistently indicate significant impacts of the light chain residue LYS9 on thrombin
in molecular level and structural ensemble aspect. The structural stability of the
molecule decreases in terms of more diverse population of the conformational states
in the absence of the LYS9 (Figure S3). Such AH clustering results from the recently
developed unsupervised learning algorithm is consistent with previous urea-induced
denaturation and disulfide scrambbling experiments about the overall structural sta-
bility of the wild-type and ∆K9 mutant thrombin28.

Through a total of 10 µs of all-atom molecular dynamics simulations, we see that
the reduced stability in the ∆K9 mutant thrombin was ascribed to the increased mo-
bilities of thrombin’s regulatory regions including the 60s, 180s, 220s and γ loops,
and exosite I and II (Figure S2). The conformational free energy surfaces of these
regulatory regions confirm that these the increased mobility results in conformational
changes and metastable states. Similar to what was saw in previous MD simula-
tion29, we observed a distorted catalytic cleft in the mutant thrombin (Figure S8).
The destabilized 60s loop leads to a more open S2 subpocket (Figure S8e). In the
mutant thrombin, the movement of residues in S3 subpocket also can result in a
self-inhibited conformation that has previously been seen in the crystal structure of
thrombin mutant D102N65.

In addition, our microsecond simulations also reveal extra conformational changes
that have not been previously uncovered probably due to the limitation of the crys-
tallization as well as the limited time scale and sampling in previous studies. As
indicated in Figure S6, all subpockets are distorted by the LYS9 deletion. As a
long range allosteric effect, different preferential orientations of the side chains in
the mutant thrombin also lead to population shifts in the conformational free energy
surfaces of the catalytic cleft comparing to the wild-type thrombin (Figure S8). The
hydrophilic γ loop, which restricts the access of substrate to the catalytic cleft, is
destabilized in the mutant thrombin and establishes a variety of poses in the longer
time scale motions (Figure S7).

The hydrogen bond detection provide further insights of the structure and intra-
molecular interactions, considering the fact that thrombin is an allosteric enzyme and
that the light chain interacts with the heavy chain via a network of hydrogen bonding
interaction and salt bridges. Our statistics of the hydrogen bonds indicate a overall
weakened hydrogen bonding network in the absence of LYS9, consisting with the
consequence of destabilization we have discussed before. Our calculation suggests the
salt bridge between LYS9 and ASP116 is a critical interaction between the light chain
and heavy chain. Although LYS10 tends to compensate the lost of this interaction,
the likelihood of forming this salt bridge in the ∆K9 mutant is about a half of the
wild-thrombin.

Decision tree learning helps us identify hidden important features distinct from
the wild-type and ∆K9 mutant forms. Via this machine learning methodology, in
additional to the hydrogen bond between LYS9 and ASP116, we predict six pairs of
such interactions – (1) LEU12-PHE7, (2) LEU40-GLY147F, (3) LEU12-LEU6, (4)
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TYR94-LEU59, (5) ASP221A-ASP189, and (6) THR147-GLU192 – play an impor-
tant role in thrombin’s structural stability and intra-molecular signaling. We suggest
future experimental and computational mutation studies should first consider these
residues for further understanding of the importance of the light chain.

Na+ ions, known as an allosteric modulator of thrombin, has been revealed ∼2-
fold frequent to bind to the thrombin in wild-type form than the ∆K9 one in our
simulations. Such results are qualitatively consistent titration experiments of Na+

binding to the wild-type and ∆K9 mutant thrombin28. Furthermore, although Na+

ions are able to recognize the sodium binding loop, it is the first time to see that the
bound Na+ ion presents a different preference of binding in the wild-type and mutant
forms. In the ∆K9 mutant thrombin, Na+ tends to stay in the outer site of the 220s
loop that has been seen in the crystal structure15,16. For the wild-type thrombin, the
interior of the 220s loop is more favorable for the bound Na+. The statistics also
suggest the deeper binding is more thermodynamically stable than the one solved by
the crystallography studies before. This find provides a mechanistic insight into the
reduced affinity of Na+ to thrombin considering the fact that the more stable deep
binding is not preferred by the ∆ K9 mutant form. This result triggers us interest to
investigate the association/dissociation pathways of Na+ and functional differences
of these two binding modes in the future study.

From the SASA analysis and free energy surface construction, we can see the
binding of Na+ ion stabilizes the structural ensembles of thrombin. Subpockets S2
, S3 and S6 appear more wild-type like after Na+-binding according to the SASA
distribution (Figure S6). On the other hand, according to Figure S7 & S8 , the
regulatory regions and the whole catalytic cleft tends to be stabilized into some unique
conformations that are inaccessible for the wild-type form. Therefore, the LYS9
deletion appear to cause a primary influence on the entire protein, while the binding
of a Na+ ion offers a secondary perturbation.

17.5 Conclusion

Thrombin has been considered as an allosteric enzyme ( see the review by Di Cera
2008 2). In this study, we see significant conformational differences in the wild-type
and ∆K9 forms of thrombin. The deletion of the LYS9 perturbs the interaction net-
work within the light, heavy chains as well as between them. Such perturbations cause
significant and profound conformational changes in the catalytic site and regulatory
sites. Our calculations presented here are consistent with previous experimental and
computational work. Different preferences of Na+ binding modes, which was revealed
for the first time here, further suggest a mechanistic explanation of the reduced Na+

affinity to the ∆K9 thrombin.
Moreover, this work combines microsecond molecular dynamics simulations and

machine learning techniques, providing more quantitative and detailed mechanistic in-
sights into the impacts of the deletion of LYS9 in the light chain. Our novel application
of machine learning technique predicts a list of residues (i.e. LYS9, ASP116, LEU12,
PHE7, LEU40, GLY147F, LEU6, TYR94, LEU59, ASP221A, ASP189, THR147 and
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GLU192) are playing an important role in the intermolecular interaction network
of thrombin. We suggest these residues should be first looked at in the future mu-
tagenesis study in order to understand thrombin’s allosteric pathway and response
to mutations. This study support the opinion that the light chain is the allosteric
effector instead of the activation remnant discussed by Carter et al. 14.
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17.7 Supplementary Material

Table S3: Residue indexes of regions of interest. To avoid the potential confusion of
the same residue number for different residues in the chymotrysin numbering scheme,
in this table, the residues were numbered sequentially from 1 to 295 as adopted in
other works31,66,56. The residue ranges of the known functional regions were based on
Davie and Kulman 67, Fuglestad et al.,68 and Fuchs et al. 69.

Region name Residues
catalytic triad resid 79 135 241
S1 resid 79 235 to 241 261 to 264 266 267 268 274 275
S2 resid 79 83 86 132 238 262 263
S3 resid 86 263 264 265 266
S4 resid 213 215 263 264 265
S5 resid 215 265
S6 resid 214 215
gamma loop resid 182 to 190
sodium binding loop resid 267 to 274
exosite I resid 57 98 104 106 109 142 143
exosite II resid 125 134 281 284 288
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Table S4: Residue-residue hydrogen bonds with significant occupancy differences in
wild-type and ∆K9 mutant thrombin. Here, absolute values of the differences greater
than 33.33% are considered as significant.

Hydrogen bond pair Occupancy (WT) Occupancy (∆K9)
LYS9-ASP116 0.7186 0.0000
LEU12-PHE7 0.7412 0.0347
LYS9-PRO5 0.6383 0.0000
LEU40-GLY147F 0.6072 0.0007
LYS10-LEU6 0.6107 0.0399
TYR94-LEU60 0.9440 0.4154
LYS147G-GLU39 0.7924 0.3519
ASP221A-ASP189 0.8682 0.4548
LEU60-ALA56 0.9624 0.5748
LEU144-GLN151 0.6299 0.2808
LYS10-ASP116 0.0004 0.3546
ARG73-GLU39 0.1324 0.4868
SER11-LEU6 0.0001 0.4178
TYR94-ASP102 0.0344 0.4539
THR147-GLU192 0.0398 0.4728
LEU12-LEU6 0.0003 0.6516

Figure S1: Thrombin-Na+ complex structure and thrombin mutant with the ∆LYS9
deletion. (a) The thrombin structure is visualized based on PDB 4DIH and is shown
in green and orange for the heavy and light chains. The 60s (in pink), 220s (in purple),
and γ (in yellow) loops and exosite I (in cyan) and II (in blue) are highlighted, as these
are known regulatory regions. The side chains of the catalytic triad are displayed in
red. The bound Na+ is shown as a brown bead. (b) The side chain of LYS9 in the
light chain is indicated in CPK representation. The modeled initial structure of ∆K9
mutant thrombin is shown in blue.
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Figure S2: Root-mean-square fluctuations (RMSF) for the α-carbons of ∆K9 (Mu-
tant) and wild-type (WT) thrombin. The blue and red colors in (a) depict the ∆K9
mutant and wild-type thrombin respectively. The residue indexes in (a) follow our
sequential residue numbering scheme that all residues in the light and heavy chains
are numbered from 1 to 295 and the LYS9 in the light chain thereby has a residue
ID of 17. The known sites with distinct RMSF are indicated by labels. The throm-
bin molecule is colored based on the subtractions of RMSF (Mutant-WT) in (b) to
indicate the location of the significantly affected regions.
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Figure S3: Amorim-Hennig (AH) Clustering Distribution of ∆K9 (Mutant) and
wild-type (WT) thrombin. Panels (a)-(c) respectively illustrate the clustering results
of the Cα atoms, heavy atoms of the regulatory regions, and catalytic triad.

Figure S4: Hydrogen Bond Analysis. (a) A decision tree classifier (96.21% accuracy)
of ∆K9 (Mutant) and wild-type (WT) thrombin based on their residue-residue hydro-
gen bonding features. The percentages in the blue box denote the relative population
of corresponding simulation type. The numbers within the following parentheses in-
dicate the actual counts of structures of corresponding simulation type. Panel (b)
and (c) illustrate the hydrogen bonds involved in the decision splits in (a). The wild-
type and mutant thrombin structures were picked as the frames with the smallest
root-mean-square distance to the average structure in each type of simulations. Each
pair of residues has the same color and the order of colors (blue, red, orange, yellow,
tan, silver, pink and purple) follows the decision levels
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Figure S5: Distribution of the distance between the sodium loop and the nearest
Na+ ion. The wild-type (WT) and ∆K9 mutant thrombin present two striking peaks
representing Na+-binding in the distribution plot (a). The peaks at 7 Å and 8.5 Å
correspond to two binding modes of Na+ as respectively illustrated in panel (b) and
(c), where the bound Na+ ion is shown as the brown bead.

Figure S6: Distributions of solvent accessible surface area (SASA). Regarding con-
formations with a bound/unbound Na+ ion (denoted as on/off), the SASA distribu-
tion of the catalytic sub-pocket S1-6 residues are plotted respectively for wild-type
(WT) and ∆K9 mutant thrombin in panels (a)-(f). The SASA distribution of the
catalytic triad and the SASA of the whole protein are also plotted in (g) and (h).
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Figure S7: Conformational free energy surfaces of the regulatory regions. Regarding
conformations with a Na+-binding/unbinding, four free energy surfaces are plotted
for wild-type (WT) and ∆K9 mutant thrombin respectively in panels (a), (b), (c), and
(d) to compare the mutant and ion effects. Structural ensembles corresponding to the
labeled wells on the free energy surfaces are visualized in panel (e). The representa-
tive structures of the whole protein are displaced via the NewCartoon representation
in transparent green. The representative structure of the side chains in the regula-
tory regions are indicated by the Licorice representation in red. Gray shadows in
NewCartoon representation display the variances in the regulatory regions. The side
chains of the catalytic triad residues are shown in blue. Significant conformational
differences in the regulatory regions are highlighted by the arrows.
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Figure S8: Conformational free energy surfaces of the catalytic pocket. Regarding
conformations with a Na+-binding/unbinding, four free energy surfaces are plotted
for wild-type (WT) and ∆K9 mutant thrombin respectively in panels (a), (b), (c), and
(d) to compare the mutant and ion effects. Structural ensembles corresponding to the
labeled wells on the free energy surfaces are visualized in panel (e). The visualization
strategy here is the same as in Figure S7. As indicated by the arrows, PC1 captures
much of the variance in 60s loop, and PC2 mainly captures different shapes in the S1
sub-pocket.
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Figure S9: Representative structures with
√

2σ variances for clusters of the regula-
tory region. The cluster labels are consistent with the cluster indexes in Figure 3b.
The representation is the same as the structure panel in Figure 7.

Cluster	0	 Cluster	1	

Figure S10: Representative structures with
√

2σ variances for clusters of the cat-
alytic triad. The cluster labels are consistent with the cluster indexes in Figure 3c.
The representation is the same as the structure panel in Figure 7.
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Chapter 18

Mutational studies of Bacillus
subtilis YrvO: Revealing
mechanisms of cysteine desulfurase
substrate specificity

Contributions

In this study, I performed all MD simulations, Protein-Protein Dockings and the
respective analyses thereof. I wrote all computational methods subsections. I also
helped prepare Figure 3.3.

This chapter contains stylistic variations from the published manuscript:
Biosynthesis and functions of tRNA 2-thiouridine in Bacillus subtilis Black, Kather-

ine Ann. Wake Forest University, ProQuest Dissertations Publishing, 2016. 10251271.
as Mutational studies of Bacillus subtilis YrvO: Revealing mechanisms of cysteine
desulfurase substrate specificity. Katherine A. Black, Ryan Melvin, Hannah L. Mar-
tin, Ashley M. Edwards, Ike Osuorah, Freddie R. Salsbury Jr. and Patricia C. Dos
Santos.

18.1 Introduction

Sulfur containing cofactors are found in all organisms and serve a wide variety of
physiological functions. In both bacteria and eukaryotes, the amino acid cysteine is
the major source of sulfur for biothiols, such as protein cofactors, LMW thiols, Fe-S
clusters, and thionucleosides.

There are two common steps for sulfur trafficking in the biosynthesis of thioco-
factors. First is the initial abstraction of sulfur from the free amino acid cysteine by
PLP-containing cysteine desulfurase enzymes, forming an enzyme-persulfide interme-
diate. Second is the persulfide-sulfur transfer reaction to a sulfur acceptor protein,
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that can subsequently incorporate sulfur into the cofactor directly or through a series
of additional enzyme intermediates.

In Gram-negative bacteria, like the model organism E. coli, a master cysteine
desulfurase IscS serves as the sulfur activating agent for the biosynthesis of all thioco-
factors present in the organism. IscS transfers sulfur to at least three different sulfur
acceptor proteins: ThiI for s4U and thiamine biosynthesis, IscU for [Fe-S] biogenesis,
and TusA for delivery to s2U and MoCo. Thus, IscS serves as a mecca for sulfur
incorporation to a network of intertwined pathways for thiocofactor formation. Fig-
ure 3.1 demonstrates the challenges with mapping these metabolic circuits for sulfur
transfer, as several thiocofactors biosynthetic pathways include shared intermediates
and require Fe-S cluster containing enzymes.

A comprehensive structural and functional study by Shi et al has been incredi-
bly informative in clarifying the interactions between IscS and its sulfur acceptors.
The crystal structures of IscS-TusA and IscS-IscU complexes revealed different areas
of protein-protein interaction between the cysteine desulfurase and respective sulfur
acceptors. Functional analysis of IscS variants via in vitro pull down experiments
and thionucleoside analysis provided additional information about residues critical
for protein interaction and sulfur transfer. This study showed that sulfur acceptors
interact through distinct binding modes involving, in some cases, a different set of
residues on IscS, providing a structural basis for the versatility of this enzyme while
interacting with a suite of different acceptors1.
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Unlike organisms that utilize the multifunctional cysteine desulfurase IscS, sulfur
incorporation in the biosynthesis of thiocofactors in Gram positive bacteria involves
multiple enzymes which have been proposed to perform specialized functions in sul-
fur transfer. B. subtilis contains 4 functionally active cysteine desulfurases, and their
genomic locations suggested their specific functions, providing initial direction to de-
construct pathways for sulfur mobilization in this bacterium. We have previously
reported that YrvO, the B. subtilis homolog of IscS, is a cysteine desulfurase respon-
sible for sulfur mobilization and incorporation into the tRNA s2U modification. The
equivalent pathway in E. coli is distinct; it involves TusA as the initial sulfur accep-
tor from IscS, followed by 5 additional sulfur-relay TUS proteins before delivery to
MnmA for tRNA thiolation. Whereas E. coli utilizes a bucket brigade of sulfur trans-
fer proteins for s2U formation, this pathway is drastically simplified in B. subtilis, in
which YrvO is capable of direct sulfur transfer to MnmA, which then thiolates the
tRNA. B. subtilis lacks the TUS proteins but its genome encodes YrkF, the B. subtilis
ortholog of TusA (59% amino acid sequence similarity, 37% identity). Although YrkF
is not necessary for s2U, this sulfurtransferase enzyme can serve as a sulfur acceptor
of YrvO, enhancing the catalytic turnover rate of the cysteine desulfurase two fold.
However, the identity of the physiological sulfur acceptor of YrkF nor the involvement
of YrvO in promoting sulfur transfer to other biochemical pathways have not yet been
determined.

Prior studies have demonstrated involvement of several of the E. coli TUS proteins
in additional metabolic pathways, and thus the need for such a complicated pathway
is most likely an evolved strategy for sulfur trafficking in organisms with one major
cysteine desulfurase like IscS. Initial investigation of the role of YrvO and MnmA
in s2U biosynthesis utilized complementation studies, in which plasmids containing
B. subtilis yrvO and/or mnmA were expressed in E. coli IscS or MnmA null strains
and the levels of s2U were quantified. These experiments were designed to assess the
competency of the B. subtilis proteins to replace their E. coli orthologs in the E. coli
s2U biosynthetic pathway, as a defect in any of its biosynthetic components results in
complete elimination of s2U. Surprisingly, neither B. subtilis YrvO nor MnmA were
able to replace their E. coli orthologs, however s2U production was only achieved
upon co-expression of both yrvO and mnmA. These results indicated that neither
YrvO was capable of sulfur transfer to TusA, nor was TusE able to transfer sulfur
to the Bacillus MnmA. Specific sulfur transfer reactions between Bacillus proteins
suggested that residues critical for interaction between cysteine desulfurase and sulfur
acceptors were not conserved in E. coli. Furthermore, expression of B. subtilis YrvO
in the E. coli IscS null background seemed to exacerbate growth defects caused by
absence of IscS. These results suggested that the similarity (64% amino acid sequence
similarity, 44% identity) of YrvO to IscS allowed for nonproductive interactions with
E. coli S-acceptors.

Amino acid sequence alignment of IscS and YrvO sequences showed that many
of the IscS residues critical for interaction with TusA are conserved within YrvO
sequences (Figure 2.6). However this analysis showed that select residues are not
conserved and may be the cause of nonproductive interaction with TusA. Thus, in
this study, we sought to identify the key residues responsible for specific interactions
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with TusA. To address this question, we employed mutagenesis studies combined
with structural modeling and complementation experiments to determine which YrvO
residues prevent partnership with TusA, IscU, and ThiI and simultaneously to clarify
the residues that govern specificity of interaction with YrvO’s known sulfur acceptors
MnmA and YrkF.

18.2 Materials and methods

Media, media additions, and chemicals. Unless otherwise indicated, LB me-
dia2 was used with the following concentrations of antibiotics and media additives:
ampicillin (100 µg/mL), kanamycin (40 µg/mL), and L-arabinose (2 mg/mL). Unless
stated, all chemicals were purchased from Fisher Scientific and Sigma-Aldrich Inc.
Restriction enzymes were purchased from New England Biolabs.

Plasmid construction. All genes were amplified from the B. subtilis PS832
strain genomic DNA which was prepared using a commercial DNA extraction kit
(QuickExtractTM, Epicentre). PCR amplification reactions were performed using the
Fail Safe PCR kit (EpicentreTM). The PCR products were all previously cloned into
TopoTAr vector (Invitrogen) for sub-cloning purposes. The correct sequence of all
plasmids described in this study was confirmed through DNA sequencing (Genewizr).
pDS 282, a pUC57 vector containing the yrvO gene with four codon substitutions,
thus expressing YrvOR41W,K45E,A61D,T337R (herein referred to as YrvO*) was synthe-
sized through GenPlusTM (GenScript) and used for subcloning into pARA13 and
further codon substitutions.

Site-directed mutagenesis. Amino acid substitution was achieved by using the
QuickChange mutagenesis kit (Agilent) as specified by the manufacturer. Variant
constructs were made using the pDS 22 (yrvO in pARA13), pDS 290 (yrvO* in
pARA13) or pDS145 (yrvO-mnmA in pBAD) plasmids as templates. Samples were
submitted for sequencing (Genewizr) to confirm the presence of the correct codon
substitution and no additional mutations. A comprehensive list and description of
primers and plasmids used in this work are shown in Table 3.1.

Protein expression and purification. Plasmid pDS22 containing yrvO was
transformed into E. coli CL100 competent cells and selected for ampicillin resistance.
Single colonies were inoculated in 3 L of LB medium containing ampicillin and grown
overnight (18 h) at 30◦C in the presence of L-arabinose (0.2%). Cells were harvested
by centrifugation at 8,200 g for 10 min and resuspended (3 mL/g of cell wet weight)
in 25 mM Tris-HCl pH 8, 10% glycerol (buffer A). Cells were lysed using an Emul-
siflex C5 high-pressure homogenizer (Avestin) and centrifuged for 15 min at 12,857
g. Supernatant was incubated with 1% (w/v) streptomycin on ice for 15 min then
centrifuged for 15 min at 12,857 g. The supernatant was loaded using a fast protein
liquid chromatography (FPLC) system (AktaPurifier, GE Healthcare) onto a 5 mL
Q-Sepharose column (GE Healthcare) pre-equilibrated with buffer A. The column
was washed with buffer A and the sample was eluted at a flow rate of 2 mL/min with
a 0-70% gradient of 25 mM Tris-HCl, pH 8, 1 M NaCl, 10% glycerol (buffer B) over 20
column volumes. The collected eluent was analyzed by SDS-PAGE and the fractions
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eluted with 40% buffer B, containing the desired protein of 41.2 kDa, were combined.
Pooled fractions were further purified by the removal of impurities within 45% and
60% ammonium sulfate precipitation fractions. Proteins samples were treated by the
slow addition of ammonium sulfate with incubation on ice for 15 min followed by cen-
trifugation at 31,209 g for 15 min after each step. Following removal of impurities,
the 75% ammonium sulfate pellet containing the desired protein was resuspended in
10 mL of 25 mM Tris-HCl, pH 8, 300 mM NaCl, 10% glycerol (buffer C) and dialyzed
against 25 mM Tris-HCl, pH 8, 100 mM NaCl, 10% glycerol (buffer D) overnight at
4◦C. The dialyzed sample was pelleted in liquid nitrogen for storage at -80◦C.

Plasmid pDS143 containing mnmA was transformed into E. coli Arctic Express
competent cells (Stratagene) and selected for ampicillin resistance. For expression of
mnmA, single colonies were inoculated in 3 L of LB medium containing ampicillin
and grown to an OD600nm of 0.5-0.6 at 25◦C. Cell cultures were induced with lactose
(0.2%) and grown overnight (16 h) at 15◦C, followed by centrifugation at 8200 g
for 10 min. Cells were resuspended (5 mL/g of cell wet weight) in buffer C, lysed
using an Emulsiflex C5 High Pressure homogenizer (Avestin) and centrifuged for
15 min at 12,857 g. The crude extract was loaded onto a 5-mL Histrap column pre-
equilibrated with buffer C and isolated through Ni-NTA chromatography by elution at
50% buffer E (25 mM Tris-HCl pH 8, 300 mM NaCl, 10% glycerol, 500 mM imidazole).
The eluent was analyzed by SDS-PAGE. The desired fractions were treated with 2
mM DTT, dialyzed overnight against degased buffer D, and then pelleted in liquid
nitrogen for storage at -80◦C. All protein concentrations were determined by the
method of Bradford et al., using a BioRad protein assay kit and bovine serum albumin
as standard3.

All other B. subtilis cysteine desulfurases were isolated as described previously4,5

B. subtilis yrkF from the pT7-7 vector was ligated into pET16b such that an
N-terminal His-tag was added, and expressed and purified using the same method
described above for MnmA. The YrkF-His protein of interest was eluted with 30%
Buffer E (25 mM Tris pH 8, 300 mM NaCl, 10% glycerol, 500 mM imidazole). The
desired fractions were combined, reduced with 2 mM DTT, and flushed with argon
prior to dialyzing overnight against Buffer C (25 mM Tris pH 8, 100 mM NaCl, 10%
glycerol). YrkF-His activity was compared to YrkF activity through the enhancement
of YrvO activity in a cysteine desulfurase assay, and the N-terminal His-tag was not
found to interfere with YrkF’s enhancement of YrvO (data not shown).

E. coli ThiI was expressed in BL21 cells and purified as previously described.
Cysteine desulfurase activity. Cysteine desulfurase activity was assessed

through formation of S2− as previously reported6. Assays (1 mL) were performed
in 50 mM Bicine pH 8.5 in the presence of 0.5 mM L-cysteine and 2 mM DTT, with
fixed concentrations of YrvO (0.1 mg, 2.4 µM), or with 0.05 mg YrvO (1.2 µM) in
the presence of 1 mM ATP and MnmA (1 mg, 23 µM), 0.15 mg YrkF (6 µM), or 0.05
mg E. coli ThiI (1.5 µM).

Assays (1 mL) to assess the YrkF-mediated enhancement of cysteine desulfurases
were performed as described above containing 0.75 µM YrvO, NifS, or NifZ, or 1.5 µM
SufS with 5 molar equivalents of YrkF (3.75 or 7.5µM respectively) in the presence
of 2 mM DTT at pH 8.
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Rhodanese assays. Reactions were performed as published7 on 4.84 µM YrkF
and 2.43 µM YrvO with either 50 mM sodium thiosulfate or 50 mM L-cysteine in 100
mM Tris buffer pH 8.6. Reactions were initiated by the addition of 50 mM potassium
cyanide and incubated for 5 minutes. Reactions were quenched by the addition of
5.0% formaldehyde. Color was developed by the addition of ferric nitrate (0.165 M
Iron (III) nitrate hydrate and 4.3% nitric acid). The absorbance at 460 nm was
used to determine the specific activity of the rhodanese enzyme in each assay using
a standard curve of thiocyanate.

UV/Visible Spectra. The UV/visible absorption spectra of YrvO and its vari-
ants were determined in a Cary 50 spectrophotometer from 250-600 nm in 1 nm
increments using 1 cm Quartz cuvettes. YrvO was present at 48.5 µM in 25 mM
Tris-HCl pH 8 in the presence or absence of 0.5 mM L-cysteine in a total 1-mL
volume.

Circular Dichroism. Secondary structure was determined by circular dichroism
(CD) using an AVIV Circular Dichroism Spectrometer (Model 215; AVIV Biomedical)
with a 1 nm bandwidth. All protein samples were at 5 M in 10 mM potassium
phosphate buffer pH 7.1 for the 190-250 nm scan range with 1 nm intervals. All
spectra are the average of 3 individual scans. The CD spectra containing proteins were
normalized to those containing buffer only and a moving average with 5 s intervals
was generated.

Structural modeling parameters. We produced our initial structure predic-
tions for YrvO individually with homology models via Swiss-Model, using the auto-
mated first approach model8,9,10,11,12,13,14,15,16. We selected PDB ID 3LVJ – a crystal
structure of E.coli IscS-TusA complex1 TusA structures were taken directly from
PDB ID 3lVJ. For a detailed explanation of many of the computational techniques
discussed in this methods section, see Godwin et al.’s review17.

Simulation. We performed all structure relaxations and dynamics predictions
using all-atom Molecular Dynamics (MD). We solvated each structure in an explicit
TIP3P water box with 10Å of padding between the protein and each wall of the box
for all systems simulated. We then added sufficient ions to reach a concentration of
0.150M NaCl. Both of these steps were done using VMD18. Simulations were run
using standard protocols in the isobaric-isothermal ensemble (NPT). During simula-
tion, systems were held at 300K using a Langevin thermostat and 1.01352bar using a
Berendsen barostat. Since our solvated systems each contain more than 10,000 atoms,
all statistical ensembles should converge to the same result19. Hydrogen mass reparti-
tioning as implemented in ACEMD19 was used with 4fs time steps in our production
runs. The coordinates were saved every 10ps. These simulations used the standard
CHARMM27 forcefield, which is based on the interaction energies of small model
systems determined by both quantum mechanics computations and direct experi-
ment20,21,22,23,24,22. Before beginning these production runs, systems underwent 1000
steps of conjugate-gradient minimization to relieve strained contacts. For VdW and
electrostatic forces, we applied the default 9Å cutoff and 7.5Å switching distance,
calculating long-range electrostatics with a smooth particle mesh Ewald (SPME)
summation method25,26. These simulations were run on Titan GPUs in Metrocubo
workstations produced by Acellera.
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Protein-protein interaction. We predicted bound TusA-YrvO complexes using
the protein-protein interaction software ZDOCK, testing over 4,000 potential docking
poses (i.e., rotation angles of the respective proteins), resulting from the default dock-
ing settings. The docking algorithm in ZDOCK is based on Fast Fourier Transforms,
testing all possible binding modes based on translation and rotation of the two input
proteins and scoring them based on interaction energies27,28,29,30.

As inputs for MD simulations, we selected two structures. The first structure was
the highest-scoring docking pose from ZDOCK. The second structure contains the
TusA coordinates from PDB ID 3LVJ with analogous residues on YrvO placed based
on IscS coordinates from the same crystal structure.

Hydrogen bond analysis. To suggest residues for mutation studies, we used
the hydrogen bond detection algorithm built in to VMD to find interacting residues
across YrvO and TusA. We ran these detection algorithms on the top 50 ZDOCK
predictions and on 100ns of MD trajectories, suggesting all residue interaction pairs
from ZDOCK structures and pairs that existed for more than 50% of MD frames
as candidates for mutation studies. For these detection calculations, we defined a
hydrogen bond as heavy atom to heavy atom distance of no greater than 4 angstroms
and a heavy atom to hydrogen to heavy atom angle of no more than 60 degrees.

Table III.I. Primers, plasmids and strains used in experiments

Primers Sequence
BsyrvO-
NcoI5

5’-GCGACCATGGAACGGATTTATTTAG-3’

BsyrvO’ -
BamHI3

5’-GGATCCGGTCACTCTCTTCGCCG-3’

BsmnmA-
NdeI5

5’-GACCATATGGAAAAACGGCCGGAGG-3’

BsmnmA-
BamHI3

5’-GCTGGATCCTTTTATACGTACCACAATTTTGTTCCG-3’

BsyrvO-
R41W5

5’-TCCACCCATTTTCGAGATTCCCAGCCAAATGAATGAATACTGG-3’

BsyrvO-
R41W3

5’-CCAGTATTCATTCATTTGGCTGGGAATCTCGAAAATGGGTGGA-3’

BsyrvO-
R44E5

5’-TCATTCATTTGGCAGAGAATCTGAGGAATGGGTGGATGAAGCAAGAG-
3’

BsyrvO-
R44E3

5’-CTCTTGCTTCATCCACCCATTCCTCAGATTCTCTGCCAAATGAATGA-
3’

BsyrvO-
R44Equad5

5’-CATTCATTTGGCTGGGAATCTGAGGAATGGGTGGATGAAGCAAGA-
3’

BsyrvO-
R44Equad3

5’-TCTTGCTTCATCCACCCATTCCTCAGATTCCCAGCCAAATGAATG-3’

BsyrvO-
K45E5

5’-TTGCTTCATCCACCCACTCTCGAGATTCTCTGCCAAATGAATG-3’
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BsyrvO-
K45E3

5’-CATTCATTTGGCAGAGAATCTCGAGAGTGGGTGGATGAAGCAA-3’

BsyrvO-
A61D5

5’-TAAAAATGATCTCCTGCTCATCCGCTCCGATTTCTGCTGC-3’

BsyrvO-
A61D3

5’-GCAGCAGAAATCGGAGCGGATGAGCAGGAGATCATTTTTA-3’

BsyrvO-
Q63R5

5’-ATCGGAGCGGCAGAGCGGGAGATCATTTTTACAA-3’

BsyrvO-
Q63R3

5’-TTGTAAAAATGATCTCCCGCTCTGCCGCTCCGAT-3’

BsyrvOX4 -
Q63R5

5’-AATCGGAGCGGATGAGCGGGAGATCATTTTTACAAG-3’

BsyrvOX4 -
Q63R3

5’-CTTGTAAAAATGATCTCCCGCTCATCCGCTCCGATT-3’

BsyrvO-
K216R5

5’-GGACAGGCTTTTTATATGCTAGTAGAGATGTGAAGCTTTCACC-3’

BsyrvO-
K216R3

5’-GGTGAAAGCTTCACATCTCTACTAGCATATAAAAAGCCTGTCC-3’

BsyrvO-
T337R5

5’-AGTCCTGCCGTCACATGTTCTGAGGGCTATGTTCGGC-3’

BsyrvO-
T337R3

5’-GCCGAACATAGCCCTCAGAACATGTGACGGCAGGACT-3’

Strain Relevant Genotype Reference
MG1655E. coli wild type strain Laboratory stock
CL100 E. coli ∆iscS Lauhon and Kambampati

2000
PlasmidsRelevant Gene Cloned Vector Reference
pBH113E.coli thiI cloned into NdeI-BamHI

sites of pET15b
pET15b TJ Larson

pDS
16

yrvO PCR product using BsyrvO-
NcoI5 and BsyrvO-BamHI3
primers. It places NcoI and BamHI
sites at 5’ and 3’ sites flanking
yrvO coding sequence

pCR2.1
TOPO

Black and
Dos Santos
2015

pDS
22

1.1 kb NcoI-BamHI yrvO frag-
ment ligated into NcoI-BglII sites of
pAra13

pAra13 Black and
Dos Santos
2015

pDS
123

mnmA PCR product using Bsm-
nmA-NdeI5 and BsmnmA-BamHI3
primers. It places NdeI and BamHI
sites at 5’ and 3’ sites flanking
mnmA coding sequence

pCR2.1
TOPO

Black and
Dos Santos
2015

499



pDS143 1.2 kb NdeI-BamHI fragment of
mnmA ligated into NdeI-BamHI
sites of pET16b

pet16b Black and
Dos Santos
2015

pDS
144

yrvO-mnmA PCR product us-
ing BsyrvO-NcoI5 and BsmnmA-
BamHI3 primers. It places NcoI
and BamHI sites at 5’ and 3’ sites
flanking yrvO and mnmA coding
sequences respectively

pCR2.1
TOPO

Black and
Dos Santos
2015

pDS
145

2.3 kb NcoI-BamHI fragment of
yrvO-mnmA ligated into NcoI-
BglII sites of pBad

pBad Black and
Dos Santos
2015

pDS
151

1.2 kb NcoI-BamHI fragment of
mnmA ligated into NcoI-BglII sites
of pBad

pBad Black and
Dos Santos
2015

pVK2B yrkF PCR product ligated into
NdeI-BamHI sites of pT7-7

pT7-7 T.J. Lar-
son

pDS
269

pDS 145 containing codon substitu-
tion at position 41 of yrvO (R41W,
AGA to TGG)

pBad This Work

pDS
270

pDS 145 containing codon substitu-
tion at position 45 of yrvO (K45E,
AAA to GAG)

pBad This Work

pDS
271

Synthetic 300 bp NcoI-BamHI thiS
fragment ligated into EcoRV site of
pUC57

pUC57 This Work

pDS
274

pDS 22 containing codon substitu-
tion at position 61 of yrvO (A61D,
GCA to GAT)

pAra13 This Work

pDS
275

pDS 22 containing codon substi-
tution at position 337 of yrvO
(T337R, ACT to AGG)

pAra13 This Work

pDS
277

pDS 22 containing codon substitu-
tion at position 45 of yrvO (K45E,
AAA to GAG)

pAra13 This Work

pDS
278

pDS 145 containing codon substitu-
tion at position 61 of yrvO (A61D,
GCA to GAT)

pBad This Work

pDS
279

pDS 22 containing codon substitu-
tion at position 41 of yrvO (R41W,
AGA to TGG)

pAra13 This Work

500



pDS
281

300 bp PciI-BamHI thiS fragment
from pDS 271 ligated into NcoI-
BamHI sites of pDB1111

pet16b This Work

pDS
282

Synthetic 1.2 kb XbaI-NcoI-BamHI
yrvO fragment containing codon
substitutions at positions 41, 45,
61, and 337 (R41W, K45E, A61D,
T337R) ligated into EcoRV site of
pUC57

pUC57 This Work

pDS
290

1.2 kb NcoI-BamHI fragment of
pDS 282 ligated into NcoI-BglII
sites of pARA13

pARA13 This Work

pDS
291

1.2 kb NcoI-BamHI fragment of
pDS 16 ligated into NcoI- BamHI
sites of pDS 281

pet16b This Work

pDS
292

1.2 kb NcoI-BamHI fragment of
pDS 282 ligated into NcoI- BamHI
sites of pDS 281

pet16b This Work

pDS
307

600 bp NdeI-BamHI yrkF fragment
from pVK2B ligated into NdeI-
BamHI sites of pDS 143

pet16b This Work

pDS
314

pDS 290 containing codon substitu-
tion at position 63 of yrvO (Q63R,
CAG to CGG)

pARA13 This Work

pDS
315

pDS 314 containing codon substitu-
tion at position 44 of yrvO (R44E,
CGA to GAG)

pARA13 This Work

pDS
316

pDS 290 containing codon substitu-
tion at position 44 of yrvO (R44E,
CGA to GAG)

pARA13 This Work

pDS
317

pDS 22 containing codon substitu-
tion at position 63 of yrvO (R41W,
CAG to CGG)

pARA13 This Work

pDS
318

pDS 22 containing codon substi-
tution at position 216 of yrvO
(K216R, AAA to AGA)

pARA13 This Work

18.3 Results

Mutual activity enhancement of B. subtilis YrvO and YrkF. Prior work
from our lab made use of radiolabeling experiments to demonstrate that the B. sub-
tilis rhodanese-containing protein YrkF can function as a sulfur acceptor of both
B. subtilis cysteine desulfurases YrvO and NifZ31. This led us to propose that it
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partners with one of these cysteine desulfurases for sulfur incorporation into a thio-
cofactor whose biosynthesis is unknown so far. This finding was further investigated
by conducting activity assays of all four B. subtilis cysteine desulfurases in the pres-
ence of YrkF. Interestingly, YrvO was the only cysteine desulfurase which exhibited
significant activity enhancement by YrkF (Figure 3.2A), suggesting that it is the
preferred sulfur donor partnering with this protein. Although radiolabeling studies
showed that YrkF can obtain sulfur from NifZ, it is important to note that under re-
ducing conditions, the intrinsic activity of NifZ (Vmax 350 ± 26 nmol S2−/min/mg)5

is over 12-fold higher than that of YrvO (Vmax 28.8 ± 0.5 nmol S2−/min/mg)32 and
thus in order to determine the actual sulfur donor for YrkF, assays would need to be
completed under single turnover conditions.

Analysis of YrkF’s rhodanese activity demonstrated that it does have activity in
the absence of YrvO with thiosulfate as the sulfur source. However, when cysteine
was used as the initial sulfur source, it had no activity by itself and exhibited a
YrvO-mediated dose-dependent elevation of activity (Figure 3.2B), providing fur-
ther evidence that YrvO is an effective sulfur donor for this enzyme. Despite the
specific partnership of YrkF with YrvO and the amino acid sequence homology with
TusA, which plays a key role in sulfur transfer for s2U and MoCo in E. coli, YrkF is
not involved in B. subtilis s2U formation. Furthermore, B. subtilis strains deficient of
YrkF showed no defects in s2U biosynthesis (Table 2.2), and thus the current hypoth-
esis is that this protein partners with YrvO to mobilize sulfur for MoCo biogenesis.
This proposal is currently under investigation in our group.

Structural modeling confirms nonproductive interaction between YrvO
and TusA. Considering the amino acid sequence homology between IscS and YrvO,
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combined with experimental evidence that YrvO is the specific sulfur donor and is able
to interact with YrkF, it is puzzling that this enzyme is incapable of sulfur transfer
to TusA. Thus, we sought to uncover the mechanistic reasons for lack of cross reac-
tivity of this enzyme. Structural prediction of YrvO interaction with TusA using the
IscS-TusA complex as a model was extremely advantageous for understanding on the
molecular level what was preventing sulfur transfer. Figure 3.3A displays the pre-
diction of the YrvO dimer interacting with two TusA monomers, and the IscS-TusA
complex structure (Figure 3.3B). Comparison of the two structures reveals that al-
though the YrvO structure is similar to that of IscS, there are some minor differences
that may prevent interaction with TusA, IscU and ThiI. The structural model demon-
strates two potential interacting regions for TusA within the YrvO dimer. Only one
of these regions (top) is similar to the interaction surface of IscS occupied by TusA.
However, in this predicted binding site, the catalytic cysteine (C325) residue located
between the loop and helix of the YrvO monomer in blue, is far from the catalytic
TusA C19 and, in this model, the thiol is oriented in the opposite direction. In the
alternate binding site (bottom), TusA is located directly next to YrvO C325, enabling
sulfur transfer, yet there is a complete lack of interacting residues on this surface that
would bind to TusA and stabilize the interaction. Although there are obvious limita-
tions to the reliable amount of information that can be extrapolated from structural
predictions, these two potential binding regions of TusA offer support for our previous
hypothesis that TusA binding to YrvO is most likely a nonproductive interaction.

Several structural and kinetic studies monitoring the interaction of IscS with IscU
demonstrate that IscU interacts with IscS at the C-terminal end of the protein. Specif-
ically, a truncated IscS variant lacking residues 376-413 displayed activity comparable
to that of the full-length WT protein in sulfide assays in vitro, but is enable to bind,
transfer sulfur to, or assemble Fe-S clusters with IscU33. YrvO is shorter than IscS
and thus lacks most of these equivalent C-terminal residues. The WT YrvO protein
only contains residues 333-338 (analogous to 376-381 in IscS), and only 2 of those 6
residues are conserved. Complementation experiments assessing Fe-S enzyme activ-
ity in crude extracts from cells expressing YrvO variants in an IscS null background
demonstrated no improvement in activity (data not shown). Thus it appears that
in order to assess the competency of YrvO to interact with IscU, it would likely be
required to add an additional C-terminal helix.
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Interface of TusA interaction with IscS or YrvO. In the structural and mu-
tational study of IscS-TusA interaction, Shi et al identified nine specific IscS residues
that were critical for TusA binding and/ or proper s2U levels (not including the cat-
alytic C328). Of those nine, all but four are conserved within YrvO. Furthermore,
not only was there a lack of conservation, but they had completely different chemical
properties entirely (IscS W45, E49, D65 and R340 corresponding to YrvO R41, K45,
A61 and T337). Thus, we rationalized that perhaps these four YrvO residues were the
limiting factor preventing productive interaction and sulfur transfer to TusA. There-
fore, we constructed individual variants with each substitution of YrvO: R41W, K45E,
A61D, and T337R, along with a quadruple variant containing all four substitutions.
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Upon completion of the YrvO-TusA structural prediction and comparison with
that of IscS-TusA, we were able to identify three additional residues that would be
worth substitution to improve TusA binding. YrvO substitutions, R44E, Q63R, and
K216R were generated to emulate IscS residues E49, R67 and R220.

YrvO variants exhibit incongruent levels of activity. Results obtained
from thionucleoside analysis prompted us to investigate the specific activity of YrvO
variants in the presence or absence of sulfur acceptor proteins. All of the purified
YrvO variants exhibit lowered levels of activity in cysteine desulfurase assays. Specif-
ically, 5 of the 9 variants retained greater than 40% activity compared to the WT
(K45E, A61D, T337R, Q63R, and YrvO* Q63R), while YrvO K216R, YrvO*, YrvO*
R44E and YrvO* Q63R R44E variant activity was less than 20% that of the WT
(Figure 3.5A). Despite several attempts at expression and purification of the YrvO*
quadruple variant, the activity was never higher than 10% that of the WT. This was
particularly surprising considering that the activities of the individual K45E, A61D
and T337R variants were between 4-8 fold higher (Figure 3.5A).

505



Compared to the nearly 5-fold stimulation of YrvO activity by MnmA and ATP,
the only variants exhibiting significant activity enhancement were YrvO Q63R (∼3-
fold), YrvO* Q63R (∼4-fold), and YrvO* Q63R R44E (∼2-fold) (Figure 3.5B). It
appears that the presence of a positively charged residue at the 63 position of YrvO is
favorable for interaction with MnmA. Perhaps the mutation of Ala to Asp at position
61 of YrvO that is present in all of the YrvO* variants partially prevents proper
binding to MnmA, and thus the positively charged Arg at position 63 counteracts
this effect. The YrvO T337R variant behaved similarly to the WT in the presence of
YrkF, as both had ∼3-fold activity enhancement (Figure 3.5C).

In the presence of E. coli ThiI, YrvO WT does not exhibit much stimulation of
activity, however several YrvO variants exhibited significant activity enhancement
in reactions containing ThiI. Both YrvO and YrvO* Q63R had ∼5-fold activity en-
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hancement, and YrvO* K216R had more than 12-fold activity increase, suggesting
that this modifications have enabled the interaction of YrvO with the sulfur acceptor
ThiI. Furthermore, both variants containing the R44E substitution had ∼30-fold ac-
tivity enhancement when compared to their basal activity levels (Figure 3.5D). One
explanation for the activity enhancement provided by ThiI is given by the findings
from Shi et al. IscS variants in which the W45, R220 or R340 (equivalent to YrvO
R41, K216 and T337 respectively) were substituted revealed an inability to bind ThiI
in pull-down experiments. Interestingly, all YrvO variants that exhibited activity
stimulation contained one or more of these substitutions, suggesting that these vari-
ants were sufficient to construct a YrvO protein with better structural similarity to
IscS and thus displaying an improved interacting surface for the sulfur acceptor E.
coli ThiI.

Some YrvO variants mimicked the proposed result of nonproductive YrvO WT
interaction with TusA by demonstrating activity inhibition in the presence of certain
sulfur acceptors. These results suggest that the interaction is retained, but sulfur
transfer is prevented, presumably due to a conformational change imposed on YrvO
by the sulfur acceptor or an inhibitory interaction with the catalytic cysteine con-
taining loop. The YrvO K216R variant was inhibited in reactions containing MnmA.
Additionally, YrvO*, but not the K45E, A61D or T337R variants were inhibited
by MnmA, suggesting that R41 and K216 are important for YrvO interaction with
MnmA. The only variants that were inhibited in presence of YrkF were the two vari-
ants containing the R44E substitution, indicating that a positively charged residue at
position 44 is critical for sulfur transfer to YrkF. Taken together, these kinetic results
suggest functional roles for the R41 and K216, and R44 residues in mediating the
specificity of sulfur transfer to MnmA and YrkF, respectively.

YrvO variant activity disparities result from mechanistic rather than
structural defects. Considering that none of the variants contained amino acid
substitutions of the catalytic cysteine or PLP-binding lysine residues, we were sur-
prised that the intrinsic activity of several variants was significantly impaired. Thus,
we sought to identify the cause of defects in cysteine desulfurase activity observed
in some YrvO variants. To confirm that the amino acid substitutions generated did
not result in improper protein folding, circular dichroism scans were taken of vari-
ant proteins and compared to the wild type. The CD spectra demonstrated that
all proteins seemed to be properly folded (Figure 3.6) and quantitative secondary
structure comparison of the generated spectra confirmed very similar conformational
percentages (data not shown).
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The PLP- cofactor is typically coordinated to cysteine desulfurases through a
lysine residue and is critical for activity. It is easily identifiable by its bright yellow
color, as well as through UV-visible spectroscopy as it has a λmax=385 nm in the
internal aldimine form (ref). The PLP-coordinated cofactor reacts with cysteine to
form the Schiff base. Incubation of an active PLP-containing cysteine desulfurase
with cysteine leads to a spectral shift in the peak at 385 nm to 420 nm corresponding
to PLP-mediated formation of the Schiff base and subsequent persulfide formation,
both of which have a λmax=420 nm. Like other reported cysteine desulfurases34,35,
this event is observed upon incubation of YrvO and cysteine (Figure 3.7A). In
the purifications of WT YrvO and all variants, it was obvious that all contained
PLP, as they displayed a bright yellow color. But, considering the discrepancies in
cysteine desulfurase activity, we also made use of UV-visible spectroscopy to check for
the presence of PLP, and persulfide formation upon incubation of the enzyme with
cysteine.

Interestingly, we observed a lesser extent of spectral shifting in the YrvO Q63R
variant and no spectral shift for either YrvO variant containing the R44E substitution
upon cysteine addition. Furthermore, all three of these variants, displayed a peak at
λ∼340 nm (Figure 3.7B, D, E). Closer examination of these spectra reveals that
while the WT scan without cysteine displays a single broad peak spanning approx-
imately 330-460 nm, the three variants in Fig 3.7 B, D, E portray two different
peaks in that range, with the main peak being ∼ 420 nm and a shoulder peak at
385 nm. Taken together, these results suggest that YrvO variants Q63R and YrvO*
Q63R R44E and YrvO* R44E were purified in a mixed population of intermediate
states during reaction with cysteine.

Nucleophilic attack by the catalytic cysteine residue enables C-S bond cleavage of
the Cys ketimine (λmax=340 nm), resulting in formation of the persulfide bond and
the Ala-eneamine intermediate which then forms the Ala-ketimine intermediate with a
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λmax=340 nm. Based on the proposed cysteine desulfurase reaction mechanism, (the
complete reaction mechanism, including all intermediates, can be found in Figure
1.2). It seems reasonable to propose that the YrvO Q63R, YrvO* Q63R R44E and
YrvO* R44E variants were purified in the persulfide form retaining the Ala-ketimine
associated to the cofactor. In this working model, the binding of the sulfur acceptor
protein may trigger a conformational change to the enzyme leading to release of
alanine and subsequent sulfur transfer. These results provide an explanation for the
activity defects exhibited by these variants alone and the huge enhancement observed
in the presence of a sulfur acceptor.

18.4 Discussion

YrvO is a specific cysteine desulfurase that participates in the biosynthesis of s2U-
tRNA. This enzyme is known to interact with at least one additional sulfur acceptor
YrkF, however the pathway involving YrvO and YrkF has not yet been identified.
Despite the high level of sequence similarity between YrvO and IscS, these proteins
do not display cross-reactivity in vivo for sulfur transfer reactions since YrvO could
not complement IscS in thionucleoside formation, Fe-S cluster assembly, or thiamin
biosynthesis (Black and Dos Santos 2015). In this work we sought to fine tune the
reactivity of YrvO by conducting a rational design of residue substitutions at the
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proposed points of protein interaction with sulfur acceptor proteins. That is, we
hypothesized that by introducing substitutions at sites remote from the active site,
but at regions of the protein responsible for interaction with sulfur acceptors, we
would generate a modified form of YrvO with expanded IscS’ reactivities.

Isolation of YrvO variants and subsequent kinetic characterization through cys-
teine desulfurase assays in the absence and in the presence of sulfur acceptors showed
that these modifications affect the catalytic turnover rate of the desulfurase reaction
to varying degrees. These results are somewhat conflicting to our proposed general
catalytic mechanism for cysteine desulfurases in which the first half of the reaction,
involving the binding of cysteine followed by the formation of the enzyme persulfide
intermediate and subsequent release of alanine, is independent of the presence of the
sulfur acceptor. The distinct activities in the absence of sulfur acceptor along with
the absorption spectral changes of these variants argue that sulfur acceptors may also
affect the first half of the reaction.

Careful inspection of UV/Vis absorption spectra of these variants, however, sug-
gested that certain substitutions, like R44E, led to isolation of enzyme-substrate or
enzyme-product bound forms. In the proposed catalytic mechanism, alanine release
requires a basic residue for proton abstraction from the lysine residue. However, based
on the YrvO structure model, the Arg44 would be too far from the Lys207 to serve
this role. One possible explanation for the defects observed with this substitution is
that in combination with the other 4 substitutions in the R44E variants, the elec-
tronic environment of the enzyme’s active site is altered in such a way that induces
a partial conformational change, thus re-positioning the residues involved in alanine
release. These modifications have not led to inactivation of the enzyme since the
activities of both R44E variants were enhanced approximately 30-fold by E. coli ThiI
indicating that these variants retain catalytic competency that is dependent on the
presence of a specific sulfur acceptor. However, the same extent of activation was not
observed with MnmA or YrkF, and in fact, R44E variants were inhibited by YrkF.
Together, these findings suggest that R44E stimulation by ThiI results from fine-
tuning the specificity of this reaction by substitutions which allow ThiI to effectively
interact with the enzyme in a productive manner. ThiI also provided a great deal of
stimulation to YrvO* (∼20-fold) and YrvO K216R (∼12-fold). Interestingly Shi et
al found that the IscS W45, R220 and R340 residues were crucial for ThiI binding
and/or s4U formation, and thus, the stimulation of the equivalent YrvO variants is
consistent with the specificity needed for ThiI binding.

Furthermore, YrvO A61D showed no activity enhancement in the presence of
MnmA, suggesting that this substitution prevents a productive sulfur transfer inter-
action between the cysteine desulfurase and the physiological sulfur acceptor. On the
other hand, this same substitution did not affect the ability of YrkF to interact with
YrvO, indicating that the binding interface of YrvO-MnmA is distinct from YrvO-
YrkF. Future analysis of tRNA modified nucleosides isolated from cells lacking IscS
and expressing variant forms of YrvO will then determine the reactivity of YrvO in
performing various functions of IscS in vivo.

Overall, findings from this study and future work on this project will assist in
the understanding of ways in which cysteine desulfurase enzymes have evolved to
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interact with various sulfur acceptor proteins to elicit specific or housekeeping cellular
functions. Results described in this chapter highlight the importance of assessing the
kinetic reactivity of cysteine desulfurases in the presence of sulfur acceptors instead
of limiting these analyses to the first half of the reaction as typically reported for
this class of enzymes. Furthermore, considering the results obtained thus far, future
studies may shed light onto regulatory mechanisms used by cysteine desulfurases
to prevent the release of unwanted byproducts such as sulfide and pyruvate under
conditions in which sulfur acceptors are not available, as well as compensatory cellular
mechanisms resulting from thiocofactor depletion, such as s2U-tRNA.
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